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3D channel-wise attention network for spatio-temporal

traffic raster flow prediction
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Abstract; Urban traffic flow forecasting is of great significance for traffic management and public safety. However, the correlations of traffic

raster flow change with time. There are global spatio-temporal correlations in the city, and the contributions of channel-wise features vary on each

city region. To tackle these challenges and make more accurate prediction, a novel spatio-temporal neural network model, named 3D-CANet

( three-dimensional channel-wise attention network ) , was designed. A 3D-InnerCA ( three-dimensional inner-channel attention) unit was proposed

to dynamically capture the global spatio-temporal correlations for different channel-wise features. Meanwhile, an InterCA (inter-channel attention)

unit was designed to adaptively recalibrate the contributions of different channel-wise features on each region. The experimental results on three real-

world traffic raster flow datasets demonstrate that the predictive performance of the 3D-CANet model was better than the others, which proved the

validity of the model proposed.
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Fig.1 Applications of CNNs for citywide traffic

flow analytics
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Fig.2  Overall architecture of 3D-CANet

Ko PR MMH—ZH C PR3 x3 x3
G 3D BRUZR, TR M4 EifE
DS O ST U SN i 117 T i 2 7
R 7S A HIE, e 2 A 2D 23 Al i
YA 7186 (2D spatial inner channel attention,
2D-s-InnerCA) . )5, {8 ] InterCA FAIT K BhZS
AR A DI b A RS S 1) TR
2.2 3D-InnerCA

T S AR R AT Sh AR A R I s A G
P, BT ONN AR 32 68 B R/ BR 1], O A
RET SOOI B E B JF Bl T 2808 e Al
ANEA B IE N AR S A RE T, I EATA
REFE 2 BB P A S E R . K 3 s, 42
H— A RE SN ASIR R AR AE I IE N 1Y 42 Ry I 25 A

X
|
3D-s-InnerCA 3D-t-InnerCA
[ 3D-Conv 3D-Conv
! !
BN+ReLU BN+ReLU
! '
3D-s-InnerCA 3D-s-InnerCA
I I
!
3D-Conv
v
BN+ReLU
Y
X

0

K3 3D i ATER T HI0
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2.4 HmKEL
PR 1o e /M K pRBOCR R T UN 25, i R
PRIECH FIINE 5 B S 2 M) i 34 7 i 22, B
Loss =X, -X,,, I3 (11)
3 X

TE 3 ANAN [ 5238 I 0 4R 1 AT 52 5,
SRR EL, SCER 45 RE A T 3D-CANet %

BRI A RE .
3.1 HiE&E

AHF 5% fdi F TaxiBJ , BikeNYC Fl TaxiNYC 3
S RS BTN E R g 1 R,

1) TaxiBJ : TaxiBJ £ 45 48 i 000 25 415 1 51 &8
FHARAIR . FEA B B 2 A DU BT ] P 1)
Jent i A4 GPS il , 245 :2013 457 1 H—
2013 4510 H 30 H,2014 43 A 1 H—2014 4F 6
H 30 H,20154E3 A 1 H—2015 46 J 30 H Al
2015 4E 11 1 H—2016 4F 4 A 10 H, £
[] B 1 BE 152 O 30 min, KRR R 4 16 it
MBI TS 4 JREdE A AR EEE
plE %

2) BikeNYC: {4 TaxiBJ — £, BikeNYC % #fi
A8 B B B 0 A TR R B s A . A A
PR T AL AT ER G, B B 2014 4
4 H1 H—2014 49 H 30 H, FAEEEHEK
FEBCE N 1 ho 4 30308 B0 H 5 Ak A A 5l , I
PR S 10 d 808 Sy k4R, AR B

3) TaxiNYC : TaxiNYC BHR4E fy 22 349 490 4%
N2y A AT B e 4 R, B ) 15 5 Sk 2015 4 1
H1H-—201543 H 1 H, &40 E B E
BEE N 30 ming K00 B 5% Ak A% Bl , OF
WEHUR G 20 d S TRAE , R B Al ghse
3.2 EAEER

¥4 3D-CANet HLAT 8 PERUERASHEA T LLEK :

1) HA:GA[FSCRRE 14,17 ,27 T80, #e A1
DX 37 50 B30 F % 1o B ) B3 P BB SRy i DX 33t
R H 3 18 T A

2) XGBoost™ : — R T i} 1 0] 4 JE AL 2% 2%
M RGE, 8 TR E 2D 7 R AR 25 X
T3 S A A T T

®1 XEREMEENRITER

Tab.1 Statistics of the traffic flow datasets
AR TaxiBJ BikeNYC TaxiNYC
Wl Jex KD KD
2013.07.01—2013. 10. 30
s ) i 2014.03. 012014. 06. 30 2014.04.01—2014.09. 30 2015.01.01—2015.03. 01
|H =3 . . — . . . . b . .
- 2015.03.01—2015. 06. 30
2015. 11.01—2016. 04. 10
i B 30 min lh 30 min
P A K] 4 (32, 32) (16, 8) (10, 20)
B Bt 22 459 4392 2 880
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3) LSTM" : K 148 1302 M 45 1 —Flh RNN
W2, BB (17 50 T 0, R A8 AR 4 454~ DX 3 1 g
SR HEA T T

4) GRUM™ . [ THAG R 9 45 i & —Flh RNN [
2%, T I ] )3 4 T, e A AR 4 45 DXy g sk
B AT T

5) ConvLSTM'"'. ConvLSTM %% 4 CNN I
LSTM, ] LUf& CNN — #E 4 3k 25 8] {5 B, 1 AB 1R
LSTM — 42 4l B[] 45 5L, HBE [ B X6 4 88 X 45
1) 17 S0 B A T R 2 5 B AR IO w

6) ST-ResNet' "' : 12 Ji:— Fih & F 14 J& i 22 I
25 IR Bt A B dlE UMY . il P 3 A% 22 R 45 430l
AR R PE R PR R S i 2s R AR OGRS
A 3 AN as R 2t o

7) ST-3DNet"") ; e 5% i iy 25 19 4% 1 it 28
s AR B Je R 3D A AR R[] RIS
[ 4E B FA ARG E . 5 ST-ResNet A [A], BALH
JEIE AR SR IE HEA TR

8) DeepSTNPlus'™*! : 3 T I J 1l 8 9] 2% 1 Iif
B TR B AR R T G A T
RPE R RS EPE R LG SR R TR RUR Rl
FHZ RUBE Rl W 28 K il 22 OB AIE , JR8 B0 31
T 9t 2 AT 55 1) Fee ARk BE
3.3 BHEE

A3 3 F PyTorch'”! S8 3D-CANet F 78
FEASTIFGE R, TO0I 4 o 52 38 504 - A A FH I Y I
o UL, CL R EN 2, B E ARG EN
6 , gl AR TR AR 4R fe 3 6 A B[] BB PN 1 4 LA
HEAT IR0 o ol ) o KA A /B H — Ak T 12K
ANE g s [ -1, 1] B N, 7E TaxiBJ,
BikeNYC il TaxiNYC |, 43 % e B 5 35 4 &
10 d7120 d % 558 1 S DU 4, At 50 4 R
YIS, 163 N8R4 BRIy 5ih
4.8 4,238 R 0,01, T3 IR AN B SEAE Y
475 #R 1% 2% (root mean square error, RMSE ) Fl14
Xt 3F-3415% 2% ( mean absolute error, MAE) /g & 1F
Wrigtr:

1 N _ .
wise = [L1xo -xaE 02)
N

wAE = LSUXG -XG L (9)
i=1

Hiep (N Sk e A woiE g
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FIEE—J2 3D B #1664 Fil 64 -5

oo TEREAFECR I BN I DL T,
POELERERI P HES: 3 > 3D-InnerCA HLITAHI 2 4>
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HoAtb iy 3D HAERNH € =64 4> K/NH 3 x3 x3
AETRIZ, 2D B RHERE ] € =64 > K/N 3 x3
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WA Rk, SEbr B EEHERAVEE B & 1 FE
B, HA XGBoost ,LSTM 1 GRU HHETH M A~ [X.
S 7 90 BdtE L O HLER A R AR S [R] AR OGP
ConvL.STM | ST-ResNet , ST-3DNet #I DeepSTNPlus
SRR S AT LA AR S [ RN [R5 L o SR 2 4
BRI BRI, B ATTF A BEAR b s K 42 R 15
o DI 78 30T 38 B R M AR B 2
TaxiB] H#lide b, BATHIPERE S 3D-CANet 225
Ko FAXFAY,3D-CANet {i F§ 3D-InnerCA B0, fiE
i R P T 3 LR S 2SR AR AE T 3 N 1Y 4
JRi A E R . AN, B Inter-CA A D)3l 454
SR DR A5 R SE T Y DT, S R TR
fERE
3.5 HBSW
3.5.1 % F ik

K7 75 T 3D-CANet BER 5 FEER YA =
MR B Z D AE AR RSN R OR 1
6 N E B EdE , BB 1 h, AT LA
B 1 ST B A Rt Y . NS B2
B, R SCHR HE A RO AE I 2 rh 2 IR U, X TIE
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Tab.2 Prediction results on three datasets

TaxiBJ BikeNYC TaxiNYC
1Al
RMSE MAE RMSE MAE RMSE MAE
HA 46.21 23.70 10.73 5.84 26.52 8.02
XGBoost 22.07 12.53 9.08 5.33 17.20 5.98
LSTM 22.10 £ 0.05 13.13 +0.06 9.67 +0.09 6.75 +0.17 23.26 £ 5.13 8.28 + 1.72
GRU 22.04 £ 0.07 13.04 +0.05 9.63 +0.09 6.65 +0.14 22.29 + 4.24 7.88 + 1.30

0.44 11.92 + 0.32 6.44 +0.24 4.25 +0.20 17.74 = 0.77 7.61 = 0.43

H+

ConvLSTM 20.03

+

1.53  7.74 = 0.58

H+

ST-ResNet 16.73 = 0.19 9.8 + 0.09 6.21 +0.24 3.80 = 0.13 19.89
ST-3DNet 16.38 £ 0.19 9.70 + 0.09 5.59 £ 0.05 3.48 +0.02 16.36 = 1.40 6.21 = 0.55
DeepSTNPlus 16.02+ 0.25 10.86+ 0.11 5.53+ 0.12 2.80+ 0.05 13.67+ 0.26  5.29+ 0.06

3D-CANet 12.86 = 0.11 8.51 £ 0.05 5.11 +0.01 2.64 +0.00 12.8 +0.23 5.14 +0.11

20
= HA XGBoost -HA XGBoost
—LSTM GRU —— LSTM GRU
ConvLSTM = ST-ResNet ConvLSTM =~ ST-ResNet
—— ST-3DNet —— DeepSTNPlus — ST-3DNet — DeepS -
55 ——3D-CANet 16 - — 3D-CANet =
i i
§ 40+ § 12+
25+ gk
L L 1 1 1 1 4 1 1 1 1 1 1
10— 2 3 4 5 6 1 2 3 4 5 6
Hf )b Hf )b
(a) TaxiBJ A RMSE (c¢) BikeNYC f) RMSE
(a) RMSE on TaxiBJ (c¢) RMSE on BikeNYC
40 14—
HA XGBoost HA XGBoost
—LSTM GRU — LSTM GRU
ConvLSTM  —— ST-ResNet ConvLSTM  —— ST-ResNet "
—— ST-3DNet ~—— DeepSTNPI 1 [E==ST3DNet e DecpS 1 Rpwet™
32 — 3D-CANet —— 3D-CANet -
r—
//
- E% 8 -
3 24 S
_ I . 1 F
1
-
16 5F 1
I
Py - . . .
8 1 2 3 4 5 6
Hf )b Hf )b
(b) TaxiBJ ) MAE (d) BikeNYC [#j MAE

(b) MAE on TaxiBJ (d) MAE on BikeNYC
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70 HA XGBoost 5.28
— LSTM GRU — 3D=s-
ConvLSTM ~= ST-ResNet 524 | 3D-s-lmnerCA
—— ST-3DNet — DeepS, Tus . = 3D-t-InnerCA
55" — 3D-CANet R B saol
A <
f 516
% 40 ™ 512 1 1 1 1 1 1 1
' 1 2 4 8 16 32 64
- = e
25¢ fayxéff”ﬂf e (a) RMSE
1% 5 — 2.72
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