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Research on Short-term Traffic Flow Prediction Based on Mutual Learning
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Abstract: Traffic flow prediction is the core of intelligent transportation systems (ITS), with spatiotemporal characteristics being
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the most important feature. Due to the complex spatial correlations and time dependencies between different roads, the traffic flow
prediction has become a challenging task. Currently. prediction methods based on graph convolutional neural networks are further op-
timized on the feature perception and extraction of local and global networks. To address above issues. a diffusion mutual convolution-
al recurrent neural network (DMCRNN) optimized model based on graph neural networks is proposed. The model is based on the
DCRNN as a benchmark model, and the mutual learning strategy is utilized to optimize it. During training, two DCRNN networks
learn from and guide each other to enhance their respective feature learning capabilities. The effectiveness of the optimization strategy
is verified on two real datasets of the METR-LLA and PEMS-BAY. The results show that the optimized model significantly reduces the
prediction errors, with a decrease in the MAE of 0. 15 and 0. 12 for one hour on the two datasets than that in the DCRNN, respective-
ly, indicating that the mutual learning optimization strategy has a good performance.

Keywords: traffic flow prediction; spatiotemporal characteristics; graph convolutional neural networks; knowledge distillation;

mutual learning
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et FHEAT R UE . Zhang % NV H R T R A R 1Y
B GRU 347 8 v A2 30 3 500
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) R AR B . Ho L Zhang S N TR B AH
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I i 2 b A T . R KL (P, || PO iHRE A
o 2% T ML 48 2 ) (1 28 57 . KL (B8N, FROR AT 2
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FHAANSE. HEWS. AT %50 AR ZER N 5w
FRNE, RPN N 265 785 B 25 AR W 45, 100 AH B2 2] 2
—Fp XA G, PGS TE U 20 B R AN S k. B F
SRS, TR 2% 3 1) DCRNN A 750 () £k 8 v HE 28 4n 3
1R, g il )a ol L3R DCRNN A i) 75 001 BE
4 LI

R T B E 3 AR 2 ) Bk T A Y A At T
FRIEWAELHARE (METR-LA fil PEMS-BAY) E 34T
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BV s FE T A AR S 0 32 O 0 58 1

WA IR, 2% r

41k : DCRNN % Net, #l DCRNN [ % Net,

t=0

do: t=1¢+1 BEHLIH BRI -

M Ner, st B HME v, R TAH Yo 5

M Nez, it B MAE v, FIIHETAH Yo 5

T Net, WAL B2 I 5580 9 246 250

a. HHEIRZEE = (3 — yo)’s

b. H5E Net, BB dE, /dw, 5

c. B Net, IBH wi = wi— r *dE,/dw; s
B Net, FBAE v,
T Net, 9 BEHLES JE I 557 9 45 240

a. HHIRIE E:= (3o~ v’ s

b. 715% Net, (WBEEE dE, /dw, 5
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4.1 HIETALE

METR-LA: ZEEE R T RERZIL S ELRE B
207 ML . FHh Al 20124 3 71 HE 20124 6 3 7
F BT S AE 3 ) 28 38 7 R AR R . Bl RS &N 5 min —
W AL E 34 272 S5 B B .

PEMS-BAY : ZH0 4R IR F I & d A B, w3
X325 il 4%, B REME B H 08—, BN
2017 41 A1 HE 2017 485 A 31 HFTCAESI R . B
FEE, BILH 52 116 4388 54 .

R FR, ASCEZEMAWA B E P EERF S
T2 1 R R o B A, Horh Ul gRge b 700,
REEL 20% ., WUFLE & 10% . 9 T 2 1 B R 7R B B [ Aief
WSS GH B . 6 B & R T Z-Score SRR UEAL -
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Hrp: = RoRH— )5 BE, « TR R0 5 A B .
o o SR RIRYE AT 22 .

g ek P 1 08 2 4 I S 38 3 I T DU A TR R B2 [ AH G
B, DCRNN 5 7 5% A FR 26 9 Jr v a7 1 1) & 45 4
[, ) FH 2 B D A I 45 =2 [ Y B B o i AR R =2 )
BOMBE, RSB AR AN

. dist(“u,vj)z}

WU:ew[ (6

o

Hr. dist (v;s v) <k, W BB DEIE 0, F v,
PR IAUE . dist (v v) Fs o Flo, TEEE R Y
e, o R R AR HER . & RREME.

# 1 BIREIEAGE

LGRS TR | AR I [ 5 12 KA | AR | BuESE | 4R
METR-LA 307 34 373 3013-03-01~2013-06-30 5 min 33 974 3435 6 850
PEMS-BAY 325 52 116 3017-01-01~2017-05-31 5 min 36 465 5 209 10 419
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& 4 5KIS 0 GeForceRTX 3090 R Y MR 55 4% - H AR 3R
BRCE U RS EmE 2, K3 PR,

#2 WL NG
# R V=S
BIERS Ubuntul8. 04
CPU Intel(R) Xeon(R) Gold 5213W CPU @ 2.70 GHz
GPU GeForce RTX 3090
CUDA 11.0
Python fix 4% 3.7.11
Pytorch fix 4% 1.7.1
*3 LBSRHE
RNN 2%t 2 et s Adam
RNN #2050 H 64 W 2 > % 0.001
batchsize 64 RRY#P K 2
Il 2 epoch 100 ZEIRE T 8

Scue kAR AT 1 /NI Ay B s B 2 O R ok 1 /i
WY@ AR . I BN Zhad 7 H FIF dropout Fll early stop-
ping FLH By LR UG . BEALY BN SR B Kol 2.
4.3 SR

EVEAL AL J5 BB 0 M Re A . SR ATAN R 3 A48 4R
VAl B IE 5 A = 8] Y 22 5%

D FEH4g iR (MAE, mean absolute error), HAJ DL
BV R SR TR 2 T 0 O 2%, R S R ASE Y 1Y
g, AT

MAE = L3V 30 | y— fa | 8

2) EWH T H 4 iR 2Z (MAPE, mean absolute per-
centage error) , AJ DL H SEAH 5 00 8 2 18] /) 745 5 7R B2
WA AL T A R AR B, AT

MWE:Q%@%§|X;§EQ| (8

3) W HRiRZE (RMSE, root mean square deviation) ,
A LA ST Bt S T 28 B Y AR Ak, e AR BN T Y
WA . R AT .

Hode n oA, v F0 S BRI A
WS EATOAE, 3 AN EFR A EUE /N, F s BEH )
A R
4.4 EEHRANE

B UE LS 2 0 A At FRATAE P AN IS 0 B aE 4
LT TR, LGSR S HAT AR 7 AR
RIHEAT T 3L

HAM o S8 m0 . B35 7 s B0die 9 S 3518

ARIMA™ . 225y 8 5 R 8 739 | [ AR, — Fh 150300
TR RAB 1Y B8] 5 30 43 AT 5k

VARS . i { AR, AT DL 3R A8 0 4 Z (6]
LA 56 2R s 2 — i BT S 3 174 [ ) A R

SVR™ . g AR, ) SR ) 6 Bk A e (A
IR, R — R

FNN"™. i@ mgsm, Hhasd 24 Rz .

LSTM- . KAEMEIZM 4. J8F RNN 38k, 75K
i 18] 3 3] [ A0 3% BT

DCRNNM . - HE B A2 W45, R #E BUR
25 GRU 4353 2 B ) 45 AF RS (9] 4R 40F
4.5 SLWHERSH

WATEW A B Bs 4 Bt A7 9250, A 9% 35000 25
FIH LR 3 A PEAS 48 rxt B0 P REHEAT /347, 3 4 AT 5 43
SRR T DCMRNN #5555 3y 58 o 45 50 A 95 A H 40 4 1
B PERE LA, FATEEEL T 15 min, 30 min Al 1 h3X 3 4~ A
BT A . N F AT DU AR SO M A 455 T A A B
PEAE L0y 3 Fh R 25 2 R B I, R TIN5 SR R 50 B O
B, JLHIEREAE B AR, H AR =L, W33
e 4 Hp AT LUE B B & T B[R] 25 4 i 38 i, DMCRNN 48
55 H A AR R = IR A AR 2 ) 22 (AR K, R TR T T
AR ] 25 T B AP B AR i M RE R B
£ METR-LA %84  MAE {5 % T DCRNN F [ T
0.15, MAPE T[T 0.4%, RMSE F [ T 0.55; fF
PEMS-BAY #(#E 4 I MAE {14 F DCRNN F[& T 0.12.
MAPE Tl 0.2%, RMSE FleT 0.31, FUHIniEHE
2 ) Bk R BB R A ROR

H T #E—25 t i DMCRNN #4455 56 457 # DCRNN,

44 DCMRNN 53l i fF METR-LA ¥ 4 b i) 1 B Ho e

. 15 min 30 min 1h
& MAE |MAPE/%| RMSE MAE |MAPE/%| RMSE MAE |MAPE/%| RMSE
HA 4.16 13.0 7.8 4.16 13.0 7.8 4.16 13.0 7.80
ARIMA 3.99 9.6 8.21 5. 15 12.7 10. 45 6. 90 17.4 13.23
VAR 4.42 10. 2 7.89 5.41 12.7 9.13 6.52 15.8 10. 11
SVR 3.99 9.3 8. 45 5.05 12.1 10. 87 6.72 16.7 13.76
FNN 3.99 9.9 7.94 4.23 12.9 8. 17 4.49 14.0 8.69
LSTM 3.44 9.6 6.3 3.77 10.9 7.23 4.37 13.2 8.69
DCRNN 2.77 7.3 5.38 3. 15 8.8 6.45 3.60 10.5 7.59
DMCRNN 2.70 7.1 5.15 3.05 8.5 6.08 3.45 10.1 7.07
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# 5 DCMRNN 5 fERAE PEMS-BAY il & F 91 8 H &

Sk 15 min 30 min 1h
7 MAE |MAPE/Y%| RMSE MAE |MAPE/%| RMSE MAE |MAPE/%| RMSE
HA 2.88 6.8 5.59 2. 88 6.8 5.59 2.88 6.8 5.59
ARIMA 1.62 3.5 8.21 2.33 5.4 4.76 3.38 8.3 6.50
VAR 1.74 3.6 3.16 2.32 5.0 1.25 2.93 6.5 5.44
SVR 1.85 3.8 3.59 2.48 5.5 5.18 3.28 8.0 7.08
FNN 2.20 5.2 4.42 2.30 5.4 1.63 2. 46 5.9 1.98
LSTM 2.05 4.8 4.19 2.20 5.2 4.55 2.37 5.7 4.96
DCRNN 1.38 2.9 2.95 1.74 3.9 3.97 2.07 1.9 1.74
DMCRNN 1.33 2.8 2.79 1.66 3.8 3.70 1.95 1.7 4.43
B 3. 4 F5 JBAR T BRI METR-LA 588 4E 109 3 AT 1.0
W38 AR LA SRR rT A AL . 18] 3. 4 Fl 5 o R {02k 45 e an Ut 10.5 }
1% DCRNN 7EIG RS 72 48 drn A8 fb . PR KRR TA] 10.0 |
R DMCRNN B35 A5 284k, Bl LA & 3R AT] A0 458 Y 4 He 2 95
g
F DCRNN. 222 0] USRI A%, [ 6 WA B 1 55 5 90
o N R " %) DMCRNN
R M AT AL 1B, o AT R By 85 DMCRNN Ee 8.5
W S g B, PR 7 R TR AE I 4 | RMSE B A - 8.0 DCRNN
1A AR R R I 264, e brF R RMSE, W LIE S (el
TOO B ) A K B 3 . PR 2 B = F AR R, RIEFRAT 7.0
1 L R TR A5 K I A ) e A U 657 20 40 60 80 100
A
5.5 E 5 IUE4E RMSE W] 4k ih 28 &
__5.0F 6.0
<
S a5t 5.5
= 5.0F
g 401
] E 4.5F
& 351 % 4.0k DCRNN
3.0 ®3.51
1 1 1 1 1 1 n
0 20 10 60 80 100 3.0k
0 20 40 60 80 100
B
0.17
o161 B 6 Il ZhEEH LT M4k
’f; 0.15} -
< 0.14f
E 7.0}
S 013} o DCRNN
2?1 0.12 = 6.0} \DMCRNN
0.11F Z 55
#
0.10F E 5.0}
=
4.5
aopd
B4 BiEsE MAPE ol 9 fk i 2 5 10 15 20 25 30 35 40 45 50 55 60
i fA) 25K /min
4.6 ZWBHIM B 7 AR AR A 25 K ) RMSE

TR B A A EEA B SR, B
AR AR IE 2RO AR R, B A RRFAL KRR BURRECR SRR Y, RE T R
RBP4 0 B A B, XA SRR IR T BRI, ORI T KL U B, 2ot % 1 P A

BB MU www. jsjclykz. com



. 172 - AL S 4R ]

% 32 &

FREERE ;M BE o« FRRPIREUR AL BRI E .

SR PR ML R T=8 W imiE s E MAE Ll K45k il
LS L AR BE TR, Rt T =8 1 SR
KR E: o« RBWE RN [0.1, 0.3, 0.5, 0.7, 0.9,
0.99] HATIE, ZHRERY « FT 0.9 80 0. 10, ZOR
B2, «=0.9 RRMEZIPRNEDL K, ML E SR
FANE WK, R TR R IR . «=0. 1 FRIRH
HAEHURALE AR, MK ZEMHE =R 2 %, W
ST WO RE . A 3 AN [ B9 A AR HIOR B A 1Y B T
BIRMIZEAK, H «=0.5 TEHUEE F MAE DL K8 K ih
R o WS 1 A Al T A B R B ottt R R SIS R TR A
— . WA «=0. 5 fE NI ERE R .
4.7 HMEFIJAYRELE

T S UEAE AL ) AW S M, g kLT Shang
HEANPUHE B (GTS, graph for time series) #5581 3 47 56
W, GTS 22— iy B AL 7 2, SR F i, %
1A 2 5] B 45 7 LK SR 2 A 2 ou i ()3 5 B . GTS
/& DL DCRNN 2y B i B0, 38 3 0 £k 181 445 44 DA T K I
T T BMPERE . PUHs GTS fF SR e AL, 1Y AR B~
RE, HWA GTS MZAE 2= A BRI AR S . FFETE
METR-LA #1 PEMS-BAY MR F #1758, £ 7%
BT 1 /e T A5 R AT X b, SRR AR AT LR, T
HGNAR B A 2] BB ) GTS B 5 I 352 22 AH Lb F S ok 34 Bt
B, JLHJEZE METR-LA 44 b, B KIEW T A0 B2
IR B R

T OYIELEEIR

METR-LA PEMSBAY
GTS | DML

MAE | MAPE/ % |RMSF| MAE | MAPE/ % | RMSF

N 3. 44 10.0 7.28 | 1.95 4.6 4. 46

N < ]3.37 10.0 6.98 | 1.93 4.5 4.43
5 HRiE

ASCHR I T —F 5L F A 2% 20 R W 1 22 I T A Ak
A (DMCRNN), Z# 8 2 DCRNN 3L #l, 5] A
PEZ D, HAEMAELHIEE L#T T ER. B
TR SR . 5 A o AT AT X LR B T A B 2E
W] LA AP A AL ) O M R . I, B T R
S UG I UE AR L ) e HA AR B A UR . IEW T A 2
FEENE . B2, L) MR R B R Ar, HUl g AR
SER AR AL, RIS, T BN SR [R] AR b 3 o A5 A
BEK, IFHSERMWHRMASE R, ELPRN AR
TR — AR IS 8. Bk, Kok TAE LI &
T8 5 O A AR TR 22 i) £ I 156 T 2R s U R 1]
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