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(1) Herein (£ A& X ), a stacked autoencoder (SAE) model is used to learn
generic traffic flow features, and it is trained in a layerwise greedy fashion. (ina...

fashion, A —#pH 2 £ 69 7 X)

(2) To the best of the authors’ knowledge, it is the first time that the SAE
approach is used to represent traffic flow features for prediction. (3] & & T & 4137 &
R, KRG EFE)

(3) The remainder/rest of this study/paper is organized as follows.

7 ConvLSTM: M4 B F K= FA * 523 ConvLSTM
71 XERE L

{Convolutional LSTM Network: A Machine Learning Approach for
Precipitation Nowcasting) -

i LA B KR F I T R ey e AR (2015 4F) K A A
FAARBRE— B AE L (4 BL&AR: Advances in Neural Information
Processing Systems 28 (NIPS 2015) , £4# 5] 800 %k, Xk LF 42 £ E R
LARRE T BT E KL% CNN A=A AP 22 H 2% LSTM 4945 44K-ConvLSTM, %
ARZEE, L BATAEELLR T,
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48 B M K TRAR 69 B 69 52 A2 5048 69 B 18] P9 TR By 3R e K R R A I K 3% B . VARTAR
YHFARIMEFL DGR EFRAREIANER T LA BRI R LM A A
SCAF T KOs AT TR 9 R A R ) — AN 5 2 TN 9 A2, B P S A AR U B ARAR R B
TP, @it 4 #E4E LSTM (fully connected LSTM, FC-LSTM) 3474 &, 1
EMNBREARE BPREHRTA LA AR, KRMNRE T EMRLSTM
(ConvLSTM), H AR T HE L THERFRBEA, £EF, ConvLSTM R % 4
4 AT AR E A KM, IS4 T FC-LSTM.

7.3 R FedkigE

L & BARA AR B 4T A 0 8] (4o, 0-6 /NB) P A6 Am BB R0 T By 3R
R X AGTEM R, BPA) R AR AL 2] 69 & K =5 2 TR B ER R 3R Ak B 2 KA
Fix A,

AR KM FE R LR —MUTEFEEAATI AN, UKRRTFEEG—AE
RHEFHFINCET KT DAMEOEFAAREAE, R, 9THZ 5705 %
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M, FHRLERRT LI, IAFIIEMERALS, RIEKENGN TS
ML TR AR A IRATF AR IR . o, BT KA REAFNE, E A 0T LD EHIE
TRMAR A o EL e s M

ALE T —H R T KIELFAIRAG LA LSTM (ConvLSTM) B &, K A1H %
Kl L FAR )AL XA — AN Z F PN 2, AT RIFEMFEXEZ, KAF
FC-LSTM &9 484 S~ 2| B A5 469 ConvLSTM, ©AEMAZLRESFRES FRE Y
kb AL B A ARG, B E S A ConvLSTM &, T —AN G AL T £5 4,
E AR TEKIRAZEAL, A T HAT IS, KAET AN ELEETFHEFLT
BRI

74 AI# R

(1) BX#RiE ConvLSTM, AEARILET = 4F4E d JE 2 b 0 7 45 42

(2) Fmeg R % o= F dm dE 32 3 B2 Fa .
75 FHRAXR

EERE AT, THREBEHF6-10 04 A RAFTE EHER—K, AETkRH
1-6 B A BEATAS B AR, B, TR RA 6-60 . AALEF M AERA,
ANV T VA B AR R — AN B 7 N 9] A

AR AAME—AE MAT N IR MXN RS & 569 % 0 K% LR — A3
HFE G, ERERTHENETHST HPANSIEREE A &m T, B, et
2GR T AR R E XERTMNE R, b RAFMAIERH. 75 I
M 1) AL TR KR KANBF), %550 Z AT H IR AL (6,45 % TR J R )43 2]

Xit1, .. Ay = argmax  p(Xig1,.. ., Xk | Fesmpraegumunan; Xt) (1)
X1, X i

st FAE B 4K TR, A timesteps LA 2] 69 & —2E 2D HF A ER Ao Hm R &A1
Fxo B 5% ik T4 69 1~ E &89 patch, 3 patch R 891 F 18 A 0 28 (4= B AT
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), ARAFLE M AL B AR R T —ANE 252N A, RATE R R 5]
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MR 7. BAMMKEA KANFFIFHadEEZHTALE OMINKPK), {2
B RBF, BAVT AR TR TN 2 8] 69 25 40 sk AR e 80, MR 19) A2 5 T 432,

—:ki MU

2D Image 3D Tensor

Figure 1: Transforming 2D image
into 3D tensor

iy = (W x X, + Wiy # Hyqg + W 0Coy + ;)

it = o(Weizs + Wihihi—y + Wei o1 + b;)
Jo = o(Wepme + Wyshey + Wep 0y + by) f# =0(War+x X+ Wiy xHizg +WopoCioq + by)
ct = froci—q +tp o tanh(Weeme + Wiohe—1 + be) = froCi—y + i o tanh(W. # Xy + Wi x Hi—y + be)
o0r = a(Weozs + Wiohi—1 + Woooer + b,) 0 =0(Wo e Xe + Wi e Mooy + W 0Ci +0,)
h; = o4 otanh(ey) H; = 0, o tanh(C;)
LSTM /> KX, ConvLSTM /2 X,

R TR & AEL LSTM £ 1D k&, ConvLSTM #94r A2 3D K&, K IR
L, % FC-LSTM 895 N, $r i Fola SR S ET ABFR G — 4 A 1 69 =2 7K
2, AEANEL LR, FC-LSTM %+ L& ConvLSTM &9 —AN454], € 69 B A 45
iz F—ANET L,

FAVE R T BT a9 454, CaAmAMNMGER, — %A F %Ff— AT R
o TR B 250 A AR S Ak R R R 0 KB IRES LA ke, XA R
A A BT & A JLAS ConvLSTM & dm it i o T &A1 B 47 B A 5 A\ A48 )
A LERL, AAMVIETRR N 2 F eGP A RS FEA K, FFRFEMMAE—/ 1X1 EA4R7
S A R R A T
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Figure 3: Encoding-forecasting ConvLLSTM network for precipitation nowcasting
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XA ML EPAT LSTM AR, AR KNG ANFedin ARG =
SR =tke., BTER%GEAR S EEmE ConvLSTM &, HEE A%
AT, ERTEFERKABRFELLDH ELGTAR.

7.6  Experiment

A AE R 69 E LR HIEER 2011 5F £ 2013 FAF BMENZF R AT AR
EoT%. BATRRERART®, KAV B ARATER, ATAZLIEAT 97 /4
ARERHBREBEE. RAUFEHUEH 6 4T K—K, XA 240M. A TFEA
Told, MXARIEN R TR, BAFERGFIIRISH 40N E &6
e, FFEAALHEC 4 ANUIZR3, DANMK e LANIRGE S . $038 SE 4914 ) — AN 20 it
TR E D ARIX e b Bk, B, &AG9F K @K AEE A 8148 N
%3, MR 53 A 2037, BAEA P A 2037, 3K E A 20 M(E N 5 WL,

M 15 W) (BTAEEADEIRT AFE] 2L A0 EE v, — KA 4403k, 97
X, 48148 M H v, Bp 8148 A sequence) I ZkAtagiE £ . HE A 15 AT 49
XXMk £ . MM AR A& Z — A rainfall mean squared error (Rainfall-MSE).

FC-LSTM M 5 &9 PERE R RAF, X R & TH ALK LA MRIR =2 W48 K%,
PR, ERERRRX, mMEhASHE Ry, 2EEEMAE XS UREE, RAFRL
ARTREAHR BT L B3 — B M., 2R 5 FC-LSTM #t473F b, 2R 2 L4
ConvLSTM F Mz R £ 4F

77 S fpBP
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BERALF, BMNRAWBENEFI) Tk, LARREFI Tk, RRADEAH M
BB FE I T K AR P AL W o BT K IE 2L TR B AR 2 LA —ANB = 5 5 FaR 9] AR
Rl T —A#F## LSTM ¥ /& 7 % ConvLSTM. ConvLSTM 248 T FC-LSTM
Q& mEE TR E A6 BEREH, LiE T E K%, B ConvLSTM A 5]
NGAGTRM LM, 5 THENTERABARAE,

BEAKGTAEF, KAV KA ATH ConvLSTM & A 2] & T L3R 49 5 15 12 51
o HP —ANEER A B AN E R L A R F A 454 LR e ConvLSTM, £ A
ConvLSTM #91& B K S # TR &0 £.

8 Sequence to Sequence: A NLP B X5 5 & 2| TAE4R

32 F 69 & R 3

NLP A A3 AP ey, 6F, 2L EALERL, £ EIRH 2 69iE
—BHF, WR—NAREXRGEE ], XE] G0 T4, K TALAUR, BFIE],
RE. FRE. BEAHEE, HMREHBEHLFE LT EFIARAARE, MLT
NLP, 4L 7T DG IAER, Be%! PTUABARAARNMETETY

F2 0L A AR, LA NLP AT K K49 Seq2Seq A% A FF 45 97 24
e
81 XERFE

{Sequence to Sequence Learning with Neural Networks) .

X B L A& 2014 4 Google Brain A =422 5h K 9 — B XL F, HRAIER
$ T Seq2Seq B A 4% 5] 6000 % k. HEILH FHsh— KL F (Learning Phrase
Representations using RNN Encoder - Decoder for Statistical Machine Translation)
A& 2014 F1E Bl T Seq2Seq A% A kAR kAL FNIFA AL, A 5] 5000 %ok, XL L
FRATEFTIANA, AARLFHRAANE AR THKMEL, THEZAEE
%R, BERAFZHARRFH—AELE, FRARER, EAXBELFAZHA,
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AL E T —A4 end-toend A5 3] Tk, R % E LSTM ¥4 A5 7 st
H-ANEREHYREL (RD) , REAF—ANRELSTM AQE L#ED B 47
5. Kizgr ki A WMT-14 4 E 09 35580335 5P . s, LSTM KL
HK&F (135 TF LSTM &2 long-term dependency # B 3F 1 68, XBARREP£E
WILRA AR ZBRES, A B S ATREQGFRF) o LSTMLF I T 2433
B, 3t ZAES AR IE S R EERS T AT wE, RMAAR
STAEBMAFRFIN(ARZORFINVBEEFLEE R ERRST LSTM MR, BA
XA EBNF A B AR Z 08 5] NF S8R K R, AmiE ki@ AL %
LAz 5

8.3 &I

KB AP % P 2% (DNNS) & — 7 ) BE L EL 3% K 69T 52 AR A, A5 F R A A= dl
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A& DNNs £ R &A% R a9y at, 12 dm A\ Fedids RAe R A Bl 2 4089
WERBD, XRBKRA, BAF S TR PR KEAIE 7T RE T
Blde, EFRAAIEEE NS RTRREMT) o Bk, —AFIJHF7
MR AT 2] 5 7 69 7R S B N b R ROTR ) 69 7 ik B AR R R A,

DNNs & Kip ANAndp 69 R R 4ot fe B € b9, (GFF RNN, REHt4
W ANt b Z 69 B 2 KB, RNNFLT ABZARRIE R4t 2 55, Am, d=
T RNN & Bl Té ANt b B2 K E TR X & 22 BAEFA 4, BaTdR
R

AT T —AHIGG K42 TN (LSTM) 46 M if e — A% 5 7 3 5 51 8 9] 22
(e TH) . ABAZLEHA A LSTM RZBMAFF] (FR—AFAFK) @&
HRBRFEAREENME, REERARZ—A LSTM #£47HL, BPAIZHEFR
Bid A7 # A LSTM AR LR — AN EWER&ETHEA, 2EiRAL
AR R R E R EE AP E, LSTM L% s oh 35 3] B KB MR A X 2 A9 3¢
e, PTARI P 9EA L AR ZET LSTM,
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Figure 1: Our model reads an input sentence “ABC” and produces “WXYZ" as the output sentence. The
model stops making predictions after outputting the end-of-sentence token. Note that the LSTM reads the
input sentence in reverse, because doing so introduces many short term dependencies in the data that make the
optimization problem much easier.

B I — T AN T A ABC AR NG 5| 45 R 5§ 5 <EOS>, M<EOS>
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(1) AABAVER T HARE 4 LSTM: —# B Ti#HAF 7, 5 —4 8 TH &
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(2) #Hk, HEAMKIFEE LSTM B 24 F % & LSTM, EH&EANEH T —A
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“Fa
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RA XA

visible
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decoderl- - -f £ *(n_in) (encoder)
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9.1 XFEHFL&

{Short-Term Traffic Flow Prediction with Conv-LSTM) .
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Short-term traffic flow prediction with Conv-LSTM
m Yipeng Liu ; Harfeng Zheng ; Xinxin Feng ; Zhonghui Chen View All Authors
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ALRE T —AEATIRAEF QB SGRATN 7 &, GBAKEL S AL
TR AR AR AE | R DA A AR Fe B R M AR AE . S ATT4E CNN Ao LSTM £ &4 R 4 i —
A~ ConvLSTM A3k, A TIRIGER T T 4F1E, KR E1E A Bi-LSTM(IL &)
LSTM, Keras Y 7 48 i 4 3 )4 B 338 I 69 JB B4+ 42 o

model = Sequential()

model.add(Bidirectional (LSTM(10, return_sequences=True),

input_shape=(5, 10)))

model.add(Bidirectional (LSTM(10)))

model.add(Dense(5))

model.add(Activation( ' softmax"))

model.compile(loss="categorical crossentropy’, optimizer='rmsprop")

#| F] ConvLSTM #% 3k 2t A8 AR X 3% 09 48 B 3B IR KBS AT AL 32, RIUES 2 4 4E;
AU 3 1) LSTM 2 700 &7 3B AR HEAT A3, RICB ALK B 4515

Rl T — A E KA TALE L Ao R A5 FEIR I 37 B 30 IR JE 55 3] 42 B SRR TR AR 2

M. |G, BP S R fe B B4 A 2GR A s AT R

Concentrate Fully connected
layer layers

:#‘l'\
N\,

ComiSTM & e ¥
N\ ‘ i \— 3
N\ =" =% /]
N\l | \ \/ Xy sumse
& \X/ \/ \
XX A pesa )
7/ Y\ /\ /
/ A\ PN A
A = /N =
74 i \'
BHSTM ‘ ' Wk
L/
‘—.,.
|
Fig. 1. The proposed deep architecture model for short-term traffic flow

93 Al#E
AL | 7 ConvLSTM, XAEH T Bi-LSTM, &4 #7 5.
94 KEBBAENH LR

BMFF R AR RS B — @ F o RAVIEFUN & 69 GBIR BB AN R Z F
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, WRABE SN & 6935, H A S ZGBRAKMIBIRIEZHAEZGZ PO (FM]
=) mAml,

F B i %] 09 — 4 ) 4E A 4L A R FE [ de T

P P Fj
Fl FF ... Ei

1oi | | ; (G.1)
Fl F? ... FPE

A s Kl e (=2RE =AML, t KT,

JE BRHC AR 7T VAR T A VAT 4B %

F. F Ff
R F F3
D= . | (3.2)
F! F2 Fs
and )
F! F} Fi
F} F2 F.
W= o ¢ 3.3
7L 2o R

Hb dREVEXRGRZ, wRELEEGAREZ,

LR AR B A A AR 0K AT 2 W S A A NS, P, KRB A
A MSE, #4325 % RMSprop.

9.5 ConvLSTM #4:4

ConvLSTM &9 AR B A N X 3.1, —HTEA—A@E, KEE—A time

step BT & FUM) & 18] 69 = 18] 13 &, &AVE A —4 Conv (ConviD) 3t/ X 3.1 49
F—THATAE, GREZAN —EERZIERS (kernal size=1) , BiTHFFHIE
B FRIEAS time step &30 R AR mg AT (R AE &) KRB, FAISFIERSE

AR A R A AE o

G(i) = F(Aw + B) 4

where w 1s the filter weights of the node, B is bias, A is the
value of the input node and F' is the activation function.
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oA R B 5 6 (X 3.1 P eE ) ENTERTERELLES,
Hrh 4 R % At A 57 &2 Ct=(C1, C2,C3, -+,Ct)e ™M= ¥ o951 E& A X 3%
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LRI 3L FATEENELL ), BAZITT L)
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Fig. 3. The Conv-LSTM Structure

9.6 M@ LSTM #9444 (Bi-directional LSTM)

SR RAL LR ARR GG B HAME A AR AN SN Am SR R 69 B B M AR AEAE A AN AT
AR TG RSB IR . ERFCGR AR B I, RAMA R A AT —
69 ) — Bt 8] fo £ — A 69 B — B A G SR RAE e ARE T MEE LG, FET &0
) 7 38 (R % AR £ — B 69 2 3B Ao AT — R A9 S4B 2] TN B R A% 69 AT
B, A% A B R 2 RAE VAR IR B AR B )

e LSTM 89454 E TS a9m /A2 e LSTM 48k . Hit, Bi-LSTM #ir A
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LSTM, #rh i BAS LSTM k2. &R % LSTM 91% £ 1546 5 E &) LSTM 4%
HiEAE . Bi-LSTM £ 44 T B AT, L+ xi # LSTM &4 N\, Of A Em LSTM
A%, Ob &7k ™ LSTM &4,

Fig. 4. The Bi-LSTM Structure
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BT F, XFXRGHARFE, Eoedt i,

10 CNN: 4& B K A4 22 W 254 38 3% B Fl)
10.1 XLFE &

{Learning Traffic as Images: A Deep Convolutional Neural Network for

Large-Scale Transportation Network Speed Prediction) o

AL B &2 ) 2017 4F K A2 FF R A7) Sensor Loy — B L F (KX TAEHK 3
X, IF:2.475) ,#% 3] 168 K.

10.2 #%

AIARH T —AF & T K Andb 22 W % (CNN) 9 5B o Z TN 7 ok, 3% 7 ik 5 58
W AR AR AT 3], R KA, A RTE R N 69 38R F ST, A f =4
B 72 4B I B 2 SRR S A A SGRAR T X R0 BR, LFERS AR
A1 CNN 4R B 338 4 AR Am (9 2658 [ 69 3B 3R B UM o ALK = 3R 86 An b 70 AR Ak
X 38 W & AP AT R, %R 5% Reywiy ik (E@ R =R OLS, k
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AR KNN, A LAy 4 M 2 ANN Ao ALk RW)Ae AR E S ) 2M0Ce & X a3
%ah % SAE., #JaAY %% [ % RNN Fe K48 09200 M % LSTM)#4T Hb4k., 25 R 49,
BT OPATI BRI, %7 H 0P B b Tt A4 5 7 42.91%. CNN 7T 24
AT ET ] AR AT %, EA T AR AR %,

10.3 R fe L #kLzE

B+ B AT @ 15 49 PSR+ B ATAR A 77 ik KA — KA LR B AT N R+ R
T B+ F 5] A LK

10.4 i3I H

A AR 892 AL F I 8, AR ST RIR R IR B FEA T R (AT
20%0) 8P IGRRE, HEERA T MM X

Table 2. Example of taxi GPS data.

Taxi ID Positioning Time Latitude Longitude Speed (m/s) Passenger Stats Description
1378 20147618 11:50:00 39.91004 116.30812 11.83 268435456 clesed door, effective ocatian, occupied.
1379 20149618 11:51:01 39.9099 116531544 9.26 26HA55456 closed doar, effective looation, ocoupied
1378 2014/6/1B 11:52:00 399087 116.32033 a 268435456 closad door, affactive iocation, eceupled.
1379 20147618 11:53:00 3000042 116.32373 B.77 2BB438456 closed deor, effective location, eccupied.
1379 2014/6M18 11.54.00 399098 16,3285 3.08 268435456 closed doar, effective kacation, cccupied,
1380 2014/6/18 5:38:20 39.81648 116.18801 4.11 o chosed door, effective location, vacant.
1380 2014/6/18 53921 3891453 11618817 205 1] chosed door, effective ncation, vacant,
1380 2014/6/18 5:40:20 398743 116.18248 4.63 o chosed door, effective ocation, vacanl.
1380 2014/6/18 5:41:18 39.01246 116.15685 B4 a chased door, effective location, vacant,

In the passenger state column, “268435456" means there is at least one passenger in the taxi and 0" means the taxi is vacant.

Mmi1, My, = - -, HUN

may, Mz, + -+ ,MN
M=

Mo, Moo, -+ ,MON
N A faey K&, QAFBBA KA, BE mij 2% i |z6FH

RABIR o K X EhFe y s R R TAEE G BT A A F ] . A R B9 FE E ST VA B AR R B AR
#9— /818 channel, Bk, BROFTEAH MIRE, A NKRE,

A AR & B4 T
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Figure 1. An illustration of the traffic-to-image conversion on a network
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Figure 2. Deep learning architecture of CNN in the context of transportation.

105 EHFHRELETELFPRAE

10.6  Writing Tips from This Paper

(1) Recently, a wealth of literature leverage multiple hybrid models and

spatiotemporal features to improve traffic prediction performance. (leverage:#| )

(2) In summary, statistical methods have been widely used in traffic prediction,

and promising results have been demonstrated. However, these models ignore the

important spatiotemporal feature of transportation networks, and cannot be applied to

predict overall traffic in a large-scale network. (In summary, ... However, ... 5 £25+%3F

5l B T a7 8D

(3) Spatiotemporal features of network traffic can be extracted using a CNN in an

automatic manner with a high prediction accuracy. (in an automatic manner & 3 49)

11 CNN: 1% B B AR A 2 B 24 4 30 3 B FUM) - £ 45) ) A

WRLFERANE LR ERALIY, FexfBibdoifhsd L—kXL
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Figure 3. Two sub-transportation networks for testing: (a) Network 1, the second ring of Beijing;
and (b) Network 2, a network in Northeast Beijing
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Filter size=(3, 3), Pooling size=(2, 2), filter 5 %] % 256, 128, 64 A~; V% A AT
30 X &9 21600 M4 A (2 4 —ANHE A, —ANDNEF 304, — X 24*30=720 4>, 30
% 720%30=21600 4~) , MXEHJE 7 £ 5040 MK,

Table 2. Hyperparameters of the CNN.

Layer Name Parameters Dimensions Parameter Scale

Input - - (1, 236, 20) —
Layer 1 Convolution Filter (256, 3, 3) (256, 236, 20) 2304
Layer 1 Pooling Pooling (2, 2) (256, 118, 10) 0
Layer 2 Convolution Filter (128, 3, 3) (128,118,10) 1152
Layer2 Pooling Pooling (2, 2) (128, 59, 5) 0
Layer 3 Convolution Filter (64, 3, 3) (64, 59, 5) 576
Layer 3 Pooling Pooling (2, 2} (64, 30, 3) 0
Layer 4 Data flatten — (5760, ) 0
Layer4  Fully-connected — (1180, ) 6,796,800
Output — — (1180,) —

M) 2E R
\

Table 3. Prediction performance (MSE) of the CNN and other algorithms.

MSE of Different Models (on Test Datasets)
Task 1 Task 2 Task 3 Task 4

Study Network Model

CNN 22.825 % 24345 * 30.593 * 31424 *
oLS 27.047 31273 4133 48.107
KNN 51.700 55.708 60.256 64.132
CTRILY RF 35.092 35.431 40.476 40.638
- ANN 67.764 52,339 58.797 57.225
SAE 60.751 69.082 65.292 68.326
RNN 33.408 36.833 40.551 39038
LSTM NN 37.759 33.218 42 909 42 865
CNN 27163 * 28,479 * 37.987 * 38.816 *
oLS 33.741 41.657 50.123 62.282
KNN 69.965 74.863 79.367 83.881
. RF 48.603 48.946 52.676 53.067
Network 2 ANN 124937 147489 133299 168136
SAE 85.079 94982 82.271 99,020
RNN 48.877 47470 52.577 52.114

LSTM NN 43.304 45.657 50.928 48.345

Note: * indicates the best result.

113 R#%Z

XF— A ARARA R

1, CNN AR FLE£ideycEEE, bTIEKS filter 8944, CNN 295 I5
IRAFAIE, AL A T R EA filter, —A filter T AR ASIR I 1 AN B 4648, H b,
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F— AN B, FE A filter 3£ T AR BRE B AN 3B A AE,

2, AR BGT B O RS D REARELIE, BACMNARFERBRRD
A EF o ALERIE CNN AR E G, X ERA RELG HITHIEASF), =

12 EARAY 2 P 25 ho A b 3 — 4 i 1) - 7 538 ?
121 #E&

L FRREET b Aniv 2 M (2D CNN) #94& B, 4652 B2 5,
fm— R ZEM%E (IDCNNs) Ra—=42 8 ERME A, ik ARBZ LA
(NLP) P& . BAT/kV A LR34 X T o4 i — 4 B ARAY 22 ) 2% ok —

S L3 3 5 AL
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CNN T ARIFH iR A AR F 69 R AKX, REEA X L[ ERXAELTHR
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size) RHETRARABRFIE, FHIZFRAEZRKEABRFTHEZEREASEMX
PeAd, 1D CNN A dE# A %49,

1D CNN T AIREF 3 52 B T 4% B 35 B A 69 B 18] 5 5] 0 A7 (kb [ 3RAL SR Ao i
IR RIALT URATFRA T o EA Bl KEAE T HE (tbdeFMmE
F) o i, v ATARETAENES (B TFREGEAETRFTEL
— AT YA XA EF 4R, B LSTM M4 7 NLP a9 & F A aT8)
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1D Convolutional - Example

2D Conwvolutional - Example

Feature detector

Height -/

== 5tart position =

= Final position =

love

ane
dimensional
convolutional
neural
networks
very

much

Encoded representation of word

In this example for natural language processing, a sentence is made up
of 9 words. Each waord is a vector that represents a word as a low
dimensional representation. The feature detector will always cover the
whole word. The height determines how many words are considered
when training the feature detector. In our example, the height is two.
In this example the feature detector will iterate through the data &

times.

12.4

=] AR L

Width -

RGE value of a

single pixel
within an

image at
position [x, y].

- Y position

In this example for computer vision, each pixel within the image is
represented by its x- and y position as well as three values (RGB). The
feature detector has a dimension of 2 x 2 in our example. The feature
detector will now slide both horizontally and vertically across the

image.
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R P E BT KA (oo 47, MV R3E27)
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ettty
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125 4efT/ Python ¥ #ji& —4> 1D CNN?
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B, FAE

NEE T #:
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#o LbEE— BARE R — D e A

Additicaal set of 10 Tt lrkime (o i
P [ ] SR Iikelitocd of oueitting. &
Q- | s Ingut ram iy drop layer ix added at the
e o gy . previous tayer e ey end. & fractian of the inpt
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- matrix matnx i |a|’.n::|bcddwpoul rate).
I—-—° : Inour exampe, the rate is 1
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= tnether 10 consslitional  This poaling lyer slides o AR I S e
layerwith 100 filters {a window of height 3 across o s since ol thwery
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Theredon: resulting ina 71x 100 outpue matris, This initial tayer will lmam . the mocsi teleammare - prsvious laver. Results ina 20 ¥ this case), o
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setwhich is fed imn the setwhich is fed ineo the of the shding window abidIng windows will run height of the original averditing of the cannected ayer [Denie consists of & neurors
network. In our case, the metwork Inour case, the that comvolves acmss through the data_ in our data determines the learmed featureshy in Kerasy. ftuses a {one for each label
lengthis 80 15 also witth is3 [x,y and 2 the data. Also referred case 100, therelare 100 amount of reurons in tahing the ma value of Softmax acthation “Walking " .Jogging "
referred to as the Ingus accelerometer reading| toas kemnel size or filter ditf erest feaiures can be the ouitgut. multiple features. Again, function to produce a {1 :-i‘l'hl:“l% its
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detectors classas

IERRASERE—TXRAY Python A3, LAEIERIX MERL:

model_m

model_m.

model m

model_m.

model_m

model_m.

model_m

model m.

model_m

model_m.

= Sequential()
add(Reshape( (TIME_PERIODS, num_sensors), input_shape=(input_shape,)))

.add(ConvlD(1ee, 1@, activation='relu’, input shape=(TIME PERIODS, num sensors)))

add(ConvlD(1e®, 1@, activation='relu'))

.add(MaxPoolinglD(3))

add(convlD(16@, 1@, activation='relu'))

.add(ConviD(16@, 1@, activation='relu'))

add(GlobalAveragePoolinglD())

.add(Dropout(@.5))

add(Dense(num_classes, activation='softmax'))

print(model_m.summary())
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callbacks_list = [
keras.callbacks.ModelCheckpoint(
tilepath="best model.{epoch:82d}-{val loss:.2f}.h5",
monitor="val loss’, save_best only=True),

keras.callbacks.EarlyStopping(monitor="acc', patience=1)

model m.compile(loss='categorical crossentropy’,

optimizer="adam’, metrics=["accuracy’])

BATCH_SIZ7E = 4@0
EPOCHS = 5@

history = model m.fit(x train,
y_train,
batch size=BATCH_ SIZE,
epochs=EPOCHS,
callbacks=callbacks list,
validation split=e.2,

verbose=1)
AR A ) SRR Y R A BT K 9T%,

ARAE MR TR R AE AT MK, R E A 92%.

Ja X kb : Introduction to 1D Convolutional Neural Networks in

Keras for Time Sequences
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Traffic Prediction )

AAAl (EFEAILERWME) 2019 k& Loyt L, % £9 xRN 2 KF

#9 Huaxiu Yao.

13.2 #H&

ST 3t B A 09 B AR K R R B AT GBI A —ANE R, RAFTRTK S H
2RI A RS, B AR A A R A A B A 6. 2 A ST 7 Rt 47 AT
e (W) B2 A6 AR 7 RS0 Q)R AERBRMNE . ARmMAEX, 24
HER BT EA EAG R, BT BERXAAEL, KNS T —FPHa9 6
FHEML(STDN), EFIINT —#I MG RF I EZ Maysh S amte,
R T A BN EE ) H A AR R A2 K ARG B B B ) A A

13.3 @4~

EATREFIGGERM P, BAREET SR, 12304 68 7k G4EH
K B PR

B, HEZ )6 AR AUR AT 0 XSGR AR A AR, AR 5] R FF
ATERMAF. R, ZEZMOGRMAZTRAMA R RAE, P, F
B, FEERXAR LS 0] RMMERIR, M AR, XBAHT X R T AR
55, R, A RLI XA F BB XA ERMK R

Hok, HZAAGFRLET KPBF ARG EHET . SCBRIEE N KR
H. BAAMEPEAEX, R, sGERBFTAZAGR AR, e, T/EB
R G K A E T iR, 2R R T4 B ST AT 4 4:30 2] 6 R AT
o BRAATBAFIET AN, 1254 F &R LM 6y et 4445,

A 2469 STDN 2 A T ot = 4P W2, 4 5]l i$ B3k CNN F= LSTM & 325

FAZE. R/E T —AEA T8 53 CNN, #) A 8 HEE &3 TRRE 2 E Z 49 5)

51



AT IR, MAmQEZARME R, RE T —HEAREZENHEIRF
DRI IR K A, BiLEE ) AL 3R GE T 7 89 KA R A AR 8 e B A B
B #A54E o SO, MR A LSTM KA B R # X A .

BAG RO EER A/ AL T £ H4EE, (BTW: BI9RS
KABEA AN, KREAR EATATRD, 3 ENLBERRIFHRRE, T4
HE I8 —48)

13.4 HIHH
W AR T XA a*b 89 WA, n=a*b K& RA&HZ, KAVEF—KRao4245
5 & UK A B 898 1a) 18] 3 P AN % 3% R B 3K 1% KO3RA9 R H . vi, 1 ﬁn”z t X

B
EARBiAFE ARt A ERIEET ARG T, it LT ODZR: tiFEMAI X
B K, TRERE KB

PR 4 t R ROART YRR, TN t+1 B2 R A B A BT A KR A B
135 STDNHZ#HAE ML

LR B 25 T =341 (1) Local Spatial-Temporal Network, &3/t % F % (2)
Spatial Dynamic Similarity: Flow Gating Mechanism, 174#=#L%]; (3) Temporal Dynamic Similarity:
Periodically Shifted Attention Mechanism, J&#i12 & /1 #4544

52



(a paye—ipit1 Dayt—|P|+2 Day £ —1 6 oW
' [ ale — e s — @ : H—
i > Tfr T\"i::::::::_'?' SF========r- Attention ==
@99 OO0 @09 | — 3
(Tem ) [ em ) . &m ‘ { W
@@ |©-@-@)-- U Z
______ P ..____________T______________________ f e
(¢ — o CRO— i d

l (;‘c; {313 Conw : (e
i (ot @ L ) i - l

W B RYer S e e @ @)
! Y

I . Flow Volume ,: Output

Figure 1: The architecture of STDN. (a) Periodically shifted attention mechanism captures the long-term periodic dependency
and temporal shifting. For each day, we also use LSTM to capture the sequential information. (b) The short-term temporal
dependency is captured by one LSTM. (c) The flow gating mechanism tracks the dynamic spatial similarity representation by
controlling the spatial information propagation; FC means fully connected layers and Conv means several convolutional layers.
(d) A unified multi-task prediction component predicts two types of traffic volumes simultaneously.
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WAEE, TRFRTTAERRG XA Mg m&#E4, Bit, KA401%4 7 —4F
A & /) # A% Husl (Periodically Shifted Attention Mechanism) sk fi# & iX sk 5] 4
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Figure 2: The temporal shifting of periodicity. (a) Temporal
shifting between different days. (b) Temporal shifting be-
tween different weeks. Note that, each time in these figures
represents a time interval (e.g., 9:30am means 9:00-9:30am).
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BIaEIRAS) , score R{EwbAR S Tz & ] agtamatk HaL, BEARHEAA

softmax.
E@BEKGEAT— RO — DB R Ao la B E RS, AT — RKREFE D)L X Bp
7‘7/;\\;)\]:

h?, = LSTM(hY,, he,"). 9)

Figurel (a) *TVAZZAE A A 4 % 49 stacked LSTM, £ X K892 &F X698 2R E
Haki e, £ LSTM #| Fl 1% A A Fo 47 FTM

13.6  EHIAF R
WA T IR L A
137 ¥4

AR E ¢, FIARILEAMRIR, github LA KA A5 F,
https://github.com/tangxianfeng/STDN

14 £ RS Z AR A9 B RA KBS I ER-EH
i

ABLFAL—RLFHEPIT R ARTHEE “8247 RIRLFEA
WA K AR T Bba, S46£EMH 1050 EAERTHBEART ST EE
B R

141 XL FEE L

{Revisiting Spatial-Temporal Similarity: A Deep Learning Framework for

Traffic Prediction )
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AAAlI (EBEAIERME) 2019 K& Eogib L, & £y R2RIEMN 2 KF

#9 Huaxiu Yao.

142 #&

AT B A2 69 B AR K R AR R B AT SGBAM GG —ANE B, RAFLKZH
= AR A AERFFS, B R EAE AR A IR, A2 AT | R AT AT
7o (D)Az B 2 1869 2 IR A X 7 R B0 569 ()8 BARMUIRMA B . B WmATAE X, {24
SR T EA A I, AT BEREZAANFEAL, RAORE T —FF #6980+
THERL(STDN), HFFIANT =R T&EmE kF I EZ e S M,
E T A BN EE A A AR R R K EA 69 B Bk R 45 A4S

14.3 £HIAF %
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Figure 1: The architecture of STDN. (a) Periodically shifted attention mechanism captures the long-term periodic dependency
and temporal shifting. For each day, we also use LSTM to capture the sequential information. (b) The short-term temporal
dependency is captured by one LSTM. (¢) The flow gating mechanism tracks the dynamic spatial similarity representation by
controlling the spatial information propagation: FC means fully connected layers and Conv means several convolutional layers.
(d) A unified multi-task prediction component predicts two types of traffic volumes simultaneously.

LF joint training 3R 55 89 H 48 IR A A K AR #4242 R AG A9 3L R LB o 4%
b 23f%, BP Day t #9428 4R A Ao t ROART &9 K AR A BT AR Mo T A K, A
B R ER ERALER,

AR K B Rl T AN I KRB 5| Zhe = £ F, PIALKEA
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mn

L= Z /\(yit+1 = Qf,f+1)2 F-iCE — /\)(yz{':,t-f—l = 3:"?._t+1)2'

=1
(11)
& inflow #= outflow £ B) 49 MSE, A\ Z2#2 M & %0 K DA K,

LFRAHFABLAGHAE L FTEEREE, BERE “AY” KRR
AL,

A% A2015F1 H 1 8% 201553 A 15322007 &dirick, £+
AT 40 R, & 20 R,

HFHE L. QITHMTEHIERM 2016 5 7 A 15 %] 2016 5 8 J 29 54 260
7 ditie gk, R PAT 40 XN, B 20 X)X,

HAERIL: EMBEEART RIS A 10X20 MK ko HARIRE K29 H 1km
X1kmo FANEF R 1A A a9 K E R E A 30 5% AAUE A Min-Max 17 — L HF iR & 4% %
A[0: 1AL, FM T RG, FRAMLIEAT R IE— TN KAV D ZAmi]
KR ABARAE FR N E O R AR A, AR GATRRET, KAxHARARE T 10
B ARBATIEIR, XA T AR P F AL, BAEEFRORA T, XOKA
FILFEAAMA2E N KA23F 0% I 44 A T IREE, #T 20%H T3
i

M 454R: MAPE, RMSE

SRR E: SARBRIEE MR RIZ B SH. T 28 CNN AR5
VP A BABREKRDAIZE R 3X3, 64TIEE . A EMENATIRE KR A
TXT7. EK=3(EH), |=2(F /&% OD 4590 18]35 K)o 3T T8t ia] LSTM (4
HAVEAR LSTM 89K Z XA 7 (BPaT 3.5/ i), |P|=3 2w KkAAAME 6 (7P
AT 3 R), |QI=3H MMz HAEHLH (B JEARSS T H 0T 18] 69 A7 & F
i), LSTM F&# 2 43 & 128, @it Adam #1744k, batchsize X & H 64. 523 %
% & 7 0.001. LSTM #9 dropout #= recurrent dropout ¥4 0.5, A& & 4 0.5,

X TRART, KXk, AT ARA LT,
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144 %

X TFTXEFERBFHEAAME: [TEFRIRS, NAIRA, &K OD EEEF &
— /NP, BAT RN, BARRI A GE A E AR S 2T AR, 125
B4 OD4EM R IR T 49, BAMO %2 D &FZ—= 01, H&—A timelag
B9 AL, LR L HKAE OD 45 & 7T VAR ELAY, F 5 £ OD #%k 48 &k At & = A 1k
K A6, A B ikay o AR IZ 9] A 24T 4831 o

145 HABFKER

INART AR R Yy RIUFAE R AR KRR T #kal, @£ EZY 10
F o) B AL E BT R AR T F A F I F Y R,

15 ConvLSTM & # i iz
15.1 BEZHHMARThHt AT

A data_format="channels_last' % ) :

MARST: @wANSD %KZE, RT4: (samples,time, rows, cols,
channels). BP-ZRaTH)| 4 5 A= M]iX % reshape st £/ X &9 tensor
KE, HldeTH:

X_train-=-datal.reshape(l, -datal.shape[@], datal.shape[1], -datal.shape[2], 1)

Y_train---data2.reshape(l, -data2.shape[@], -data2.shape[1], -data2.shape[2], -1)

b R~F: 4= % return_sequences, &8 5D k¥, R~ H:
(samples, timesteps, output_row, output_col, filters)e HF W, & & 4D

k=, R~4: (samples, output_row, output_col, filters). (o _row #=
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o_col B3 F filter #= padding & R )

2% fBae L—ER ConvLSTM2D layer, #F2Z H#rh A ALK
A8 AD KERSD KE, BB @HEFIN—A layer B, t&F 8K
layer & % f64&% 4D K E X 5D K& (BP&#F & ConvLSTM2D &%t i
b B AE B % layer B3 N)

15.2 A&

ConvLSTM2D & —A~ LSTM R %, {25 89 N T 3o ff 3R T 32 2
B ARERN R TE., LRSS EMB LT HAFE LSTM,

3 25 NS, AT B ABII U R 69 58t AT fRE, HAeddiF
% %) Keras ' M o

keras.layers.ConvLSTM2D(filters, kernel_size, strides=(1, 1),
padding="valid’, data_format=None, activation="tanh’,
recurrent_activation="hard_sigmoid®, use_bias=True,
return_sequences=False, stateful=False, dropout=0.0,

recurrent_dropout=0.0)
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Ip‘tVlume(ﬂ:dl) (TxTx3) Flt WO(SSS) Flt w1(333) Otptvlume(sszj
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=1\ il [ 4 -3 1
T 16 -
10 -4 7] ] =
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> filters: 524094 B (LA T B+ &A™ filter WO A=
W1, 7T AREAR N il a9 4 Z BR AANSE & 094, filterO &F 2 L@ éd
Ze e, filterl &2 T @G E094E)

> kernel_size: #HAAZ K )N, LB P filterW0 89 5% Aoy (A
B R A A ARG list/tuple, EARB T E K E., Wk E

ANEH 1, W& T kernel_size= (1X1) . )

> strides=(1,1): A ER B K, REREEEFE T —KF
HILA, BT RAFNEE IXIREE LG THHGT K,
(/3 3l AN B R M R 89 list/tuple, A BT K, ok #
NEE, MEATEENZEELGER T K, )

> padding: #k 0 ¥4, A“valid”3 “same” » EXFFTH 691 %
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BB AT AL 32 A B same, same L& i@ A &y, ARV A A valid 49

(“valid”fR & R#ATA #0954, Bpxtid R AERLIE, “same”fX
ERGAFEGBARLER, BF 2T B4 E shape 54 A\ shape 48
Blo )

> data_format: Bp 4 4% ik = /id 38 (channel) & £ A7 @ if 2 £ 5
&, channels_last (2£7h) (width, height, channel)
3 channels_first (channel, width, height) 2 —, % A 4 & 891 5

> activation: #&F& %, BPFTE P RELU &, AL XY
HEIRL, WRTRBEZLAK, B REMERERK (B
B &P BE R & a(X)=x)

RELU RELU RELU RELU RELU RELU

Nvl CONV lCONVl

O

gifplane
Ship
horse

HEFCNNERRFER: AT—KEH, SEAR0FN, BHAFGFN, NEREELHRORE N LREE—MARE,
SN MER: WRES BRHAE

> recurrent_activation: B T /& SR & 8] 3 69 80E R K

(recurrent_activation &4t F input/forget/output =A™ gate 49 % & F 3.
activation 24+ xF T cell state A= hidden state 49 % % £k, T & A7 A 544 recurrent
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Ao IS e recurrent @9 X 7] F= b &k 48 ) )
> use_bias: A RIE, REERBER

> return_sequences: f R, REEHMEFIPHRE—/
W, TRAHFI. Htrue®iETET 125 23mt, #
false 893& T B+ Réwrih 4ig 49 5,

oegeamg (V1 | (v ] (v ] [(va] [vs)
Y=XW { ; . . |
cmamg (V1| [(v2] [(wv3] [va] [wvs

?ﬁ/’\f—:ﬁlﬂ you | are | really . a Benius

> stateful: A R4E (3K False)e #=F A True, Mk + %
il i RO EFEAHERORERS HAET —dR T F 5] i Rt #s
K&, 5 stateful 89328235 F T B . Stateful & true B, I ZEF=R]
KBy batch size 52 R4 R, A A B L4384 batch size
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batch_size =2 : timestens
when— ~ X[O] —l am| a [bojkoy| - batch
stateful = True X['I] | 1| ¢ [ thelred| fox]. l
X[2] [T
x{ XBI[ETTT]
X[4] [T

....... [\/
o

blue arrow means the memory state
\V transfer between batches
@ RBF means a LSTM unit

> dropout: £ 0 f= 1 Z A& Bk, £AKEFILE, AT
N XS, Babdibs,

> recurrent_dropout: /£ 0= 1 Z A &9 . EAMHEF
A, BATFRRERSE KRR,

16 ResNet: & T B i = 7% £ M 2% ResNet 89377 338
IR
16.1 X FEF L

{Deep Spatio-Temporal Residual Networks for Citywide Crowd Flows

Prediction) »

2017 “F AAAlI K& —BAa B0t X, E MBI RE L, 2BLFAR
T2 % W 4 [R5 T 200 Artificial Intelligence (1F:3.034) |, B a7T#% 5| 257 K.

16.2 #H&
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BMBET AT REF IO T &, HRAE K ZM% ST-ResNet, KB
M T P HEAN RO AANARE BRET. ARG, KANIE KR EE R LIE
RKAT I RO IE LM, B HfeA B AF 42 (closeness, period, trend, # E
EHEIFL) o AENEE, BANEAT AREERELHS L, BAKESL
AR TSI T B A AT A ST-ResNet s S E A= AR EZAME R %5
imd, ARRNS X FERSBRARGRE. HELLERE—FZEIREE
(external) , 42X A Ae— R F R — K, RAMENERXRLARE, LRfaY
FNYC)# 52 3 & B, #2ih 49 ST-ResNet 1k F >~ #F& % 69 7 ik

16.3 &4~

BN R T AR A B9 AP IRIEEPI 5, F—Kk . REZRBANE
T AR /AN inflow A= outflow, R BFFAM AN GRAR B AE T AT R X WA
ARE P S P

7= 4R A spatial dependency: ARUL X 3% 89 iR N IR A= i IRLAR B %R o

iRl 4R #74 temporal dependency: s ¥TBt I @ #oh, AT—X, E—R, FHH%
F B4

I3 E & 69 % vf external factors: X AR XK F4%,

L1 g
. Cutflow -4 || o

r r | . L 'Y

E 3 Fl = 1y

dnflow | & ¥ mm|-e

- | b m Sy End

£ ] N il ! il
(a) Inflow and outflow {b) Measurement of flows

Figure 1: Crowd flows in a region
AL & T &R

1. ST-ResNet & Al & T K AR89 5% £ B 24 3T IR T P AL & AN X 3R 1) 69 iz 1 2
AR #1 % B SEAT AL, B I ARIEAL R 89 TN A TN AP £ W 4RI B A 09 % vh

2. BAVEAZ RS0 R 4FE )2 A K =K, Bpat AR, A M Aol B
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M, ST-ResNet /& ]l = AN5% £ P 455 30 A 3F X s g P 3 47 342,

3. ST-ResNet sy S & LR =R L& 695, AR 899 LA KR p B~
BlégE, IMREH#—F H5INHBHE(FRA)MEE S,

4, BAVER LT BAE QBT R LHIE, URAY QT E 93T H I8 kT
1% ZAEG 77 ik

16.4 R4

BRFREF, SMRFEEEEF AT XA IX) AERE, LF Rk
TR, B 2@)7=. RPHF A X &EES. BAEG MeT5
(1T jBl. AR AR EM, LAWFANARERELE LA R 2XX]
493k = (24~ channel, %4> channel % I 47 J %)

At the #*" time interval, inflow and outflow in all T x .J
regions can be denoted as a tensor X; € R?*/*/ where
(Xi)oig = ™, (X145 = 2", The inflow matrix
is shown in Figure 2(b).

{ ijﬁce

Area

[ Residential 7.
b Area |
| |

(a) Grid-based map segmentation (b) Inflow matrix
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Figure 3: ST-ResNet architecture. Conv: Convolution;
ResUnit: Residual Unit; FC: Fully-connected.

W L& 2 M) T 2 B
R LEM T2 h 43, AN RIETRARYI M, B AN, AP AR ST

A EF R0

LFRAE LA, BAF AT AR A G RNRAG R A LA
—AN 28 6 R EAEE, R AAVIEET R AR5 AR B, R R, A

LGBt ) feik @ ag R (LR L F P XA L JE T ARYLE 1A B, AT — R AR B B 18]
B, E—RAAREEE) o 8 K55 A S =4 ResNet 5 X ¥ A k4= 5
PR R AR M, R AL M. AT AN B A ARAY & W Ak F AR 69 9 24
Hy, REAKRELAFI] EAPLEMIHRT H LA Z A KIRZ 0] 69 2 AR M X 7 .
BEINRRF LI, EMNFAHMRPIRHAEE TR —LHIE, PR A EMHFF
e, FRCMMA—ATELFZEGAZERNE, AT =300 E 53 E i d
BATRRS, ARB A A tanh &S] (-1, 1) XEAEAmSE.

A =30 R 2k 254 .
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low-level high-level

.
»
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5
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5
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=
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Conv Convs Tanh

Conv

(a) Convolutions

output

X{”—.r[ ReLU HCon\’H ReLU HCOIW]-E&-’X“I 2

(b) Residual Unit

Figure 4: Convolution and residual unit

SRR &
AR ET AL B S AR RAFE R, WX AFFH. B5@ITT
BBH(FEATHANAEFHGANARAARKG TR, B5b0)2w, 5E—A4R—
RABL, FRWAEIF A KRG AR EEIR Y .

soor |y I .',. .-I |‘Iﬂ:l 300 Thunderstom [L.'lll.“lrI
= '|"' [} \ = | | W
,% i) | I?Q’ fj 200 M‘x_rlﬁ\ rf\ ;‘: /I \
100 100 l "
AU "L\f\ \"‘\U \J WA
“Mon Tuc Wed Tha Fri Sat Sun ¢ Sat Sun Mon
Time Time
(a) Feb 8-14 (red), Feb 15-21 (b) Aug 10-12 (red), Aug 17-
(green), 2016 19 (green), 2013

Figure 5: Effects of holidays and weather in Office Area of
Beijing (the region is shown in Figure 2(a)).

K EAFRTEERIFEF ARG Xt iEaE. ALY, &ML
FERA. BOFHAAHBEPI/ED . TAEBEK), AT A EGRE,
STABAERPUR B R L3k, Am, KRIHEMEE R AR KRFE, ToME
B8] 18] 1% t 69 R AL TRAR SB[ t - 1 A9 M R AfdR. &1 X Lk, &AFFHA

pEEELEMEELE, F—ETUAERENTRTORRERLGHNE. F
ZERTH E—Eavid kg a5 Xt 48 B AR AR T a4

68



3T AT =30 0 RRA, Wb T RR RIRAR B R AR, B, AL MR
R, BHaRETTRAR . Ak Rl T A AT ARIEFRG RS T &

Xpes = Weo X+ W, o X[ W o XFH2) (4)

SFedr A E GG GRS, BB E:

X
“V
\ | \
nL\
d/

X: = tanh(X ges + X gzt) (5)

ML HFE: MSE,
16.5 #EAAZHAK

#£ ST-ResNet 494, £ A tanh ARG a98E L, HEEA-13 12
Bl £ A Min-Max 13 — 17 kW 3B B [- 1;1]. AR d, ROVEFFRNE T4
Y48 B L 44, 5 ground truth #H4Trb &, 3t FoR3RE &, &A14EH one hot Zm 4%
k4T IERP, Day Of Week, Weekend/Weekday), T Hf= X AL &M4H =T H
%, A1 Min-Max 13 — L4555 it Ao R ik % 4554 A [0;1]

{# A1 Python F #) Theano A= Keras #J:Z#£A , Convl F=F7 A #| & 3% 1A% F 64 A~
R4 3X3 5%, Conv2 4t Al 2 AR 1A 3X3 69 S8t £, ok K
A 32, 90%89 I %, T 69 10%4E A 3iE% . £ B2 4= 49 epoch(f#]4= 10,100
AN epoch) &9 % )| 5 2 38 LN AR AL, F AT — RAe L — B 69 3%, M 4545
RMSE,

16.6 RIEIH

ALKRTAMNER, AT EMEDTHIFA ALY G FF FHTHIE, K
B B BCERRKR, REFPILEES, RALAFHNRGBEEEL, THH
Ko RBIFPERE R, BRAAFNRGHMEETL, THEITR
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16.7 %

GERLARAR T aLEZIIHAHNTFHEZTE EHFHIBEE,

WO, EE B SRR — AN B R e TR B R RS ATINE, AR E X
2%, BAREAEAMANZIM L, BAREZEF LAY, IARALKP RS AL
BEAEER, IREARL-ANZ2HT, BT XA%—0REIE,

17 B AP 22 M %% GCN -—-Je /T £ @ M F 2 2R

e inilhid

17.1 XFEE L

{Spatio-Temporal Graph Convolutional Networks: A Deep Learning
Framework for Traffic Forecasting) -
2017 F % —+-£/& UCAI BIFAIH RS2 —Rait L, 4R
TRFRFHAFFIRG— L ERKR I 53Kk, (CTRASR TIEE Lt Hmn,
@S EMG ARSNGB EEY, L2 hEHFIES. )

172 #%

BEARIP, BMNRE T —ANHFGREFIER, 7 EERFNLSTGCN), #
e B ATURAG B 1) 5 S R AR, BAVE A R % A9 CNN A= RNN #7T, @2
FrrlmmEATE kR, FRZEAZELMENGRER, TEFEANFZRE L
B, B PV, £ &Y, STGCN AL T3 % R B il W 44 69 4L, A R
KT =X

17.3 &4
SFREFI Tikms, FHCNN RS RALEN (G BIL, AM), -
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R —MF LN, @ RNN &2 R4, JINTZZRMRGIRE, AT RNN
8 W % (L35 LSTM)XE A D%, HHEE K. AT RIRXEFA, KMFIANT LR
B R A BT B IR A B 1] B S A R AR AT IRAE . AT Ao AR A4S A,
AAVEA F B R L%, A — A B R LT AR (e M6 R
B o ATMRBEREHERTL, SAMERES EXRT 2EREH, X,
BAVRE T — AR L F ) 4, HEEERNE, ATERMES. Zh R
LM S AN R B AGRAR, B R B Rk d B ERER BRG] EAA TR
(%% # L Convolutional neural networks on graphs with fast localized spectral
filtering) , B 2R X R BATRAE . BRANPTE0, X2 F KL R B E AR E

) 4 45 ) 34T SR T
174 X #A-4

AALY, BMNE—ANBLELT B, 585X T EMEEE 5
Flo VI AR T RAMME R 28, W8 maT R RS, B, IR VETIA
FAER—ABES (302 PFTHLe signal) |, &7 LAE—AHUEA Wij 8 £
BAA@BE)G £, 4B 1575,

Figure 1: Graph-structured traffic data. Each v; indicates a frame
of current traffic status at time step £, which is recorded in a graph-
structured data matrix.

fF ez, AHGt=(VLE W)F, VI ZE—AMAMROEESE, T Rid
M 2 n AN B sk ey LMARE = — 2, Romsb R e EiE ;S W AT Gt Ay
Ao AR AR IEFE %

FARAEAIATE BRI AR RERN F—HRE., BT, ARMHERKTEEAR R
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o/ T¥ CNNs )" Bl 2 ML B k. — A AY RERG L (AFEL
Learning convolutional neural networks for graphs) , 5 —#r2 ] A [ 6944 2 ot T 45
AP B ATHRAE (53 8 L Spectral networks and locally connected networks on
graphs) o AT —HP 7 AT & E A HE 7 AR AF R 89 MAG TS X, X 2 B A& X T Al T
FAERBRERLE ., BEIINTIOEER, FARZ A TIER, &F KRN
EE B G B ILAF B E R A O(N2) K2 &tk, RFEERE
A AT= (HF#w 3 1: Convolutional neural networks on graphs with fast localized
spectral filtering, %% & 2: Semi-supervised classification with graph convolutional

networks) o

ALEFHBERNETEEARETOBA , REBREST XH5NHEO 895k
Ao

Oxgx=0O(L)x=O0UAU )z =UONUTz, (2

cigcnvcz:to-rs of the normalized graph Laplacian L. = [,, —
D-iWD-3 = UAUT € Rnxn (I,, 1s an identity matrix,

ey Zet A URBE—IFIEmEEFREL S ET L, (LPI2E4
M, DAMNABEIEE, WRAELERE) A £ LA AR, EILS O(A)
BRI, RFENZL,—ANERETxHAZLEZO S EAMGZT T ik

UTx Z 1889 %k k34T filter,
175 B RIAE R

=B 2 B, STGCN & % /AN Bfnde ik, H/NEREEmEMT “ =9
L7 N, AP OASBAINBIRGEREf—ANT AR ERE, ENERG mT 4
To (RALMEMATEG, PRIGARLEDLN, XIFETHTELRER EFHIE)
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l [ )
(Vesss1, ... Vi) /4 L4 W | (Ve-m+1, ... Vi)

| .
L] l L]
I | Temporal |
ST-Conv Block [<— ; Gated-Conv, C=64 :
[ | | | 1o
i Spatial ' Conv | __
ST-Conv Block [d— | Graph-Conv, C=16 I
: I .
I Temporal |
Output Layer : Gated-Conv, C=64 , e Temporal
¢ | ST-Conv Block | Gated-Conv
v : \ : \
1% I I+1 | /

17.6 Graph CNNs 2 B % Ja] 4 4

AR S — AR EHMR, ARREREBRA%ELROEe, R,
PAIE BT o T SR R R R I Bk, ek T skt AA B, B AT
WRI A BRI R, B A R L S AR, TR E, T
RO RE M B, B, AR b W R ARILES R TR S
HAB, A M ECPRIRAA & A B SR KA, X (2) ) TR SR
55 2ot A AR S HH S R A AR, AR AR A R R — )
A Mk E A SRR LM (BB AL R TARAE, LERNEELEE
BT o A2 B ARG -

O@xgz=0(I,+D WD %)z

5 g ouom g (5)
= 6D~ 2 WD)z

HPW AARIZAEEFe b5 4B 5t Fe, D AW B9 A4EIE, 0 A5 %4E
%,

BEARLTY RE 5 HKE,
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17.7 Gated CNN 17142 $2 BUi 8] 44 42

BAVA) R B 1) 2 oG AN AR M R R ZGBAR N S ST R . XA AR
&t AFid T % BB AR F AT AT 1269 )| ST AR
B 2(E)rT, HERERELAS—A—fER, LRRTIF&EMRET(GLU,

AR B LF L@ BN, RAEIGRS). b, & EFAbgntia]Eir
JEZ LA T — AKX E R

17.8 Bf = B ARk
AT BRAR EIREAFAE, M T B KA (ST-Conv 3) 3k & 4k 32 B 25 44 B Ja)

F3le 3G VT ARSEAF & M LAy AR o B 22 EBEAT 3 & R Y o

2 B 2 (mid)Ar, F 818G 2 18] & & EIE AN ] Z A9 AR R, 8B ) B AR T
VA B BARE B A B ARG Bk B R ARG, =G LML RS B R
bottleneck 3&.#& (Bp# Kk K 14, PA L 64 A~ filter, F a] & 16 A filter) , #@id
B AR ETEE C (st filter) #4742 L4, FIREE G FadF e IR
Yo I, HEANEAMFTT A, Hakidmbs, E&EMmHEHA ST-Conv ks, K
VR R I Am T — ANER S 89 B3R B AR B e — AN o ik sl BAE A &

ESAE RS

STGCN /% 4 22 25 AL B 8] 5 5 6938 AR R o € AR AR 45 i 2 58 P 2% s A Ao
M AR, d BT AR T R — AR 5P ) A g

iR B AR S T B EARA 120 B A4, RRBRIE KA A S R4, FF
e R GELEID & BN b )i LIS Zo

AR T AR ARG MER, EMANFEIAFIT, 2HEY, NERER
o, PEZMNR, IMBFEMAFEA AL O RELERAL R L%,
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AL RN T AANAKIEERIIE GLARFITANRIEET A...... ),
FH AR S IT T b, BRI HARARFER T ARE#R AL L T4

Model BJER4 (15/ 30/ 45 min)
MAE | MAPE (%) | RMSE
HA 5.21 14.64 7.56

LSVR 4.24/5.23/6.12 | 10.11/12.70/ 14.95 | 5.91/7.27/ 8.81
ARIMA 5.99/6.27/6.70 | 15.42/16.36/ 17.67 | 8.19/8.38/8.72
FNN 4.30/ 5.33/ 6.14 | 10.68/13.48/ 15.82 | 5.86/7.31/ 8.58
FC-LSTM 4.24/4.74/5.22 | 10.78/12.17/ 13.60 | 5.71/6.62/ 7.44
GCGRU 3.84/4.62/532 | 931/11.41/13.30 | 5.22/6.35/ 7.58
STGCN(Cheb) | 3.78/4.45/5.03 | 9.11/10.80/ 12.27 | 5.20/ 6.20/ 7.21
STGCN(1*") 3.83/4.51/5.10 | 9.28/11.19/12.79 | 5.29/6.39/7.39

Table 1: Performance comparison of different approaches on the
dataset BJER4.
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Rank Full Journal Title 2019 2018
1 COMPUTER-AIDED CIVIL AND INFRASTRUCTURE ENGINEERING 6.208 5.475
2 IEEE Vehicular Technology Magazine 6.145 6.038
3 TRANSPORTATION RESEARCH PART C-EMERGING TECHNOLOGIES 5.775 3.968
4 IEEE TRANSACTIONS ON INTELLIGENT TRANSPORTATION SYSTEMS 5.744 4.051
5 IEEE TRANSACTIONS ON VEHICULAR TECHNOLOGY 5.339 4.432
6 IEEE Transactions on Transportation Electrification 5.27 g
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{Bike Flow Prediction with Multi-Graph Convolutional Networks) .
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® O EBAE KL, #3570k,
19.2 #&

BT b R E MG LK, LR S ARE L S LA TR EN
Mo 2R, CMNIRRAERFELROB@MNERAETE, ALK ERAEEFIHER
BT EBANOETEERETAMN, KRB T —H 5 B A2 R LA KN
BERGRE, AXBUFZILETIENARRAUREF LS 2%, LA
W, ZMA—NATELFZAMET SNAERRBFMGERXF, KRB, KA
BRAT SARM, HEAERERFMNA KL ERAITERE,

19.3 &4~

ALFANEFEERGAR LTSS, FRXEATFAREEEELA ALY
g, ZMEFAMMNEREE. B, RAFALKSRBE LB ATE
REFM AL, WA, HA1E R ES LR, RERMNENLEANGQITER
. AT EANGNAARANREA: (1) : REAZRREFBAESE; (2) :
AT LA GG M 5 R 24T oh BB AT E AT

g\s\_

AL, S&MBH T —HF09 % BERAYE WL R HIRTE sk B 865 8] X
A, Pllose it XERAXAR. £S5 EEREGEAME, RET —F 24 LSTM
49 encoder-decoder %» # fif 25 K 224y, R R@RITRE X R Bk, T80 A047
FIRETHN, T K 2R 2 A X

FHEMPTI, TR ARFR S BERHERERETHEBANGEFAITER
L = MM, To the best of our knowledge, this is the first work of leveraging multi-

graph convolutional neural networks in to predict station-level bike flow in a bike sharing
system. AL EB A AL FE T EFEE R 4,

19.4 BAZ X FFARL
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AFVPEZAGRAFLERGANORBERT, DENBR, LA
sEERX R, AHPER T ERZMHXRRE, BF, KT
X, AN ENAXEAD. e THEER RN T HHXEHFS.

BITEAETAPRHEABY AT ERZANFRY inflow and
outflow,

ARG : ARt B R AR 69 2ok iR A i SR IR TR t B R 69 3t SRR
Fo i 3h iR

195 FHARAX

- - Conv Result
N R— - |
F 7N ! ' ' STM Decoder
» \ 44444 Adding Self Loop | : I
/ N (& 1 \ / i \\"‘\‘\Conv Result % { : Encoder
\ . 2@ 1 ;
, 3 : :
: > /| | > | AsingseifLoop | ‘
= T & .
\ ‘ . \
X/ \ 6 / 7 s &
‘J‘ \ / | o N // 3- Conv Result _/
[ a— &
N RO & 4
\ ; Prediction with Confidence
; i :
Adding Self L
--------- i beias & 3. Prediction Network
1. Graph Generation 2. Multi-Graph Convolution (Temporal Correlation +
(Multiple Graphs) (Spatial Correlation)

Confidence Estimation)

AR ZAERHERLECE=ZHY, BAER-FEBEMR-AN
%F/ﬁo

B Ark: BEnRBERRE RGN X, o RXHH R R R
fextsh B MR RRTRD, TRARATRESHNF, T
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MARTA M PR . —ALRBL, RMFZH LA MBS FR KM 3E B2
BN HBRBEKORE, Al RETHESSEREBEH =7
R BEER. XLBfEEE,

MEL: BEEE, FAESZNHEAKEATREORE,

G4(V,E) weight = Distance™ !

RE2: AW, PRAHEEBETH/ NERZ AGTERTHRE
TR E .

Gi(V,E) weight = #RidingRecord Number

BE3: MR, HHEFANSEENTREBGE 1D)AGH L
1 RHILERARAE), REHHERAEZ 648X EAEH B+ 3k
BE. AXERARRBEABR T XM,

G:(V.E) weight = Correlation

FEEM: L THOARRIZAL: BRSARBEM.

Haxs b L@ay = AR ELEEIRSAN—ANRRE., KA LTFEA B a9AR
FE4EE A STARENR, RJGBITAETE BN RE B 89 ARFE4E [F ho SR Ao R 20 A TR
B &9 B,
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Al=DTA%]

where D is :
25! Aoy 0
N-1
5 0 i By s 0
0 0 . ‘f};g‘ AN-1,j

ARARIELEIE, DARERE, N ARRLENERER, X—k
AERFRANF T H:

FHD A) =0 (D

with }Al = A + I, where [ is the identity matrix and Dis the diagonal node degree
matrix of A.

A TAE e Fnid B G gk A4 B F A —ib, BN EmRIEEFH— TR T
— /™ softmax i H . BIXEMNANAREZRASLE AR (FPWLEWnRE K8
NAME) , EMNTRERGEEIEETH:

Wy, Wo s W&, = Softmax(Wy, Wa, ..., Wy)

N
F=) W o4
i=1

where o is the element-wise product, F is the graph fusion result
which will be used in the graph convolution part.

ORETLER, FARSER, ATE@mR AR, (LI LLERLEHAL
SACARIELE AR, RIE4E N ASE 4EFE 34T softmax i2 5, BHH &7
EAFE| GO ER)

B A AT AL B A4 Fid A2,
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HY = (1*,0"), t' € [0,t - 1]
HY =F*W, «H!
s i

where W, is the convolution weight matrix, Hé’ is the bike flow at

time t’. We take H f as the convolution result, and then use H lt’ as
the input of the next prediction network.

TR B 2 B S T
77777777777 Encoder Decoder
H H} Bt T Y
EFinal State 1 l 1 |
LSTM ---—-» - D [LS‘I‘MHLSTM ]~----—[l.sm] :
i Vo

Hq

' External = \V Fully Connected!
| Feature Network '

lnlucnw

Figure 2: Structure of Prediction Network

& A encoder-decoder 5 A48 T W 4453 fmdm B 2 BT o SRR MR A S RE
EARGERFFI[HI0 HIL, -, HLt- LA, HotiaE XA final Ki. #
R W A G A 5 6 final RS A RE, ASEEMRERFII[HI-T, HIt-T
+1, -, HIt- 1AM (i A BsEIEig, =T 4 RIX encode R4 893 A H
10 ANEFiE] 7, W) decoder 2R 69 AR SANET 1], FH A9 ANAR R £ B A AR
R, AREMANGFIKER—H) o MRS A HOt, BP AN B AR &40
STAHE TRE A —ASD A (Pl t 49 —F), X &k F 4D 5 7T LARIBAE BT 7] 69 )7
KB A R4 final KEFM AR BT FRE. ZLETRA R E A final K
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BAARMNIAARET E20E 8, EXXRHMBDEZEMNITTRINGE, KRDE ML
89 final RS HIMEFE & (P4, BE, Wik, THERB/BFAR)#ITLEE, MAD—A
AEEE (B 26 TF2R)MMN A TE T RHOtAES. (GeA)HF4EX encoder-decoder

M BEATIN R, FRIR encoder 2%, AR BEAEAE A LG9 TN W &AL AD)
19.6 EHIHFLT

AL EBZ RN AN FE T EFEELEE, THFL (BATAFHZNR
2013 2] 2019 F A5 IE) « AR FTEEEE “@4” RIRAAKIEET R
B, W “F e RIRE TR AEE T & Muk,

20 GCN: X TE AR W %G HE B RSN
20.1 XFEEE

{Predicting Station-Level Short-Term Passenger Flow in a Citywide Metro

Network Using Spatiotemporal Graph Convolutional Neural Networks) o

2019 & v B % ¥ K 589 )42 % JF & & IISPRS International Journal of Geo-

Information L& — B L ¥ (54X, IF:1.84) .

202 #HZ

ALF T —# 3 T B 5 5] %9 % % STGCNNmetro (spatial - temporal graph
convolutional neural networks for metro), T [3) i 77 38k T & B E= AN Mok 5k 49 3F 5b
REAHSERE, E4Rkiil, STGCNNmetro 7~ H4& Bl M A&k THushsb, M2 Fak
Tk W 28 5 3 — K, JH A A B B ARAY 2 M 24 (graph convolutional neural
networks, GCNNs)#t 4T il . & &, KAV A AR B B ARIE H ok 4 2l 42 08 W sk
M2 69 AL B AR MK o Hok, M T —/ANd GCNNSs 28 5% 69 IR 2 25 4y R h 42
W ER L TR KR, RE, RMNELSZARAE(RLLY . HRGFE
JE4Y), Fraka Ak i X b ARG SR K R, R R A8 TRME,
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STGCNNmetro 428 & — A3 BISRAE SR, T AL RISEAZHIE, AxMELT
WK R 25 69 8 AT AR, FHdm b TN, B B LA R Bl G AR R AR A
M, BIET ZAEA, £ EY, STGCNNmetro 2 AL T 7 Lty K &AZA
(LSVR. PCA - KNN. NMF - kNN. Bayesian. MLR. M - CNN #= LSTM). it

Ik, BAVEARIT T AR S LA AR, T T AR £ 5 A

20.3 MA

HEANRT KRBT AR TA—ANE, LFREEATN R, HAEERL.
AL BT EARE — A8 BRI AL RS2, T AR L —/MRIEFE 5 R %y
ok B Z A B ATIR A K . HL, KM RE Z R MARE TS, URE
% 1 CNN R #RAFAE, MR T AR —/NE8 6 B R fdik, 1A GCNN T A% 3%k
AR IR R 25 2 &) T T 2 442 8 £ RN 69 B R AR K R o

204 A

(1) B & FHAK R 4 B R E 0 R 57

ARAERTE MORILA, RAVT AN G L0t F KBRS, EXRIIEP,
SANE—NBE LR LT —ART LA G R L, £ 2G5 RiE
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LB 2P A M S R RE R E
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Figure 1. Graph-structured metro passenger flow-volume data. At the time step ¢, in the graph G, =

Vi, E,W), V; is an observation vector of # metro stations at time step ¢, each element of which records
the historical passenger flow volume for a single metro station; E is a set of edges, indicating the
connectedness between stations; while W € R**" denotes the weighted adjacency matrix of G,.

(2) BEAREA

FARAEGARERREATE R T —MAE. BATH LT CNNs 4 2] 254
P ARFS Ko — AP FK R T A2 A B B 6945 Ert B3 A SR BHATHRAF. EANB T
BARL AT AL R EARR, BRI LA B A AR, — s LT il R

JEA O(N2) MK B M mk A, 1R/FE B R ImA 3. ALAL R 6B EARL T

y =0*xgx = J(Efzﬂaj[.fx),

BERET “*g” REBAEROBELS, A TEET X 5% K308 FM. K
ETARF ST EMEERGRKFZ, ab PSS, LA —ey B sl f
F, o AMEZHHKWP = ReLU), (4580 A X A~/ X 48 % [4 3% Convolutional Neural

Networks on Graphs with Fast Localized Spectral Filtering)
(3) #1 Al s AR B B AR 4 3 ALN 69 B AR X A

BAVET E— Ak oy B Mk MR AEZ G, KAVME A GCNN 4RI T e
BB BTN BT =R A R, ATRE T AP, B2 ETHEKRIHA 1694F4%
BERK=1), £fFE, TRN—HArEdiTeofiRtE. 24K, MAi5H 54
— I ARAR TR & Z 8] B9 = AR A K R AR (2 B 2 R ARILA 1, 2. 3. 442 5). %R
B3 PTA TR AT o AT 3 305k B 26 B2 B ) AT M ANB 18 B AG 5 5 28, A
BT AN ARBEBRERLERBE AR . MAND LR E B A & e A2 0 18] 28 5
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Lo EaAREERT, BAREZ B Fobt ) 4 LA A LEEPATEY, B 3T, £
LTHZERERET “*g” 7 ABRES X 52K H$0° #fiz, T4

i, THRBERZE, ARBMHEL N T RARZER, AL M FrofEARdE & 6,409 1
MR B ZARAAK R

Figure 2. Mrocedune for capturing spatial dependency by graph convolution for K =1 {using only one
vertes as an example). K is the kernel size of the graph convolu ion, which determines the masimam
radius of the convolution from central nodes, a; is the convolution kernel parameter, ¢ is an
activation function (Le., roctified linear unit (RelU)), v indicates the passenger flow volume of
wvertex i to be predicled, and each [, indicates the historical passenger Aow volume of vertex f,

/.‘
/

"/—\i

‘q_‘.‘
LR

er:‘l; e |Jv|nw||r .JJ,

indicates the historical passenger flow vo vt f at the time step ¢

(4) 4 FE & GCNNs #3424 ) 2 d 1% 1T 09 iF 2R M % &

T30k R LEA T B I ARAE ST VOB AR ARGE R AR Bldm, ZINAREST 243

REAN—IMARER T BF, — AR AR &0 B ARR K, KT s
BMMRARS Eob, NAMLE, HARFSEZ B EARZTRAMEIY R, X KA
B —A GCNN EA #a2, % &R TR KOS EMK T M EMIE L.
I, BT R REERANIBRIZAZE, XFRT ELF S WG FIR
MArF. BT —ANEMEREEAZFTMAGEZINGRMRFR, AT HKESLREZ
Gk 1A eI R K R, T F & Am S A GCNN J&E KA s —ANIR & GCNN 254,
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Figure 4. Procedure for capturing the spatiotemporal dependencies of metro network data using
graph convolutional neural networks (GCNNs) (taking Station 6 as an example)
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Figure 5. Architecture of the STGCNNmetro model. Conv: Convolution; X, and X,”

and predicted values in the tth time interval, respectively; Xz, Xp, and Xy

represent actual
represent the outputs of

the recent, daily, and weekly patterns, respectively; X is the fusion result of X, X, and Xy using

a parametric-matrix-based method.
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LEZGBRRIER, B, LFHERIT R ¥Em,

21 OD ZERMM: ATHEZRLGEAE OD FKM
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21.1 X FEE

{Contextualized Spatial-Temporal Network for Taxi rigin-Destination

Demand Prediction) »

2019 & #= IEEE Transactions on Intelligent Transportation Systems _E &9 — & .3
(GZmAH 2 X, IF:5.744) .

212 #HZ

BAT R 2 AL T HATR S0 ETE KM, /KD HAXZZLAAEAT
sb, BP D &, ASUNAARE B AL £ 69 )7 = 3o & KR AL § $1 58 5 BL B B A4S X%
HARR R BIAL ERRBATHA KRR PP ATA OD & ] &9 i 41 % OD
FRIM, Co) ERPHEK A ThelThH BOMEEATAIEE ERFITEREX. K
AR T — AP 09 5 A F FRIRBLEY BT = 1 25 (contextualized spatial-temporal
network, CSTN), ‘¢ &=k A 373% (local spatial context , LSC). B ia] /&5 L3R 3E
(temporal evolution context TEC)#= 4 /& #8 % 2% 35z (global correlation context , GCC)=
Ak, (context iXANE, M _EKRIFH;AREMIFR LT L, KEEFRITLE
WF— &, ALFTA context 69EIFI AIRIE) o AL, BIE RIRBAL A HHA
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TABLE 1

COMPARISON OF THE DEFINITION AND SCOPE
OF VARIOUS RELATED TASKS

~Method [ "Task and Scope
Zhanyg et al. [4] Tratfic lnﬂ[m and Outfiow Prediction
) Jin et al, ES_I_ in all n_,gwm )
Tong et al, [O] “Taxi Demand Prediction
Yao et al. [7] in all regions
Toqu et al. [8] Trathfic Flow or Demand Prediction
Azzouni et al. [9] between some well-designed positions
Yang et al. [10] (e.g., highway toll booths, subwuy and bus stations)
Zhou et al, [11] Passenger Pickup«'propoff_ Demand Prediction
in all regions
Taxi Demand Prediction
Ours 5
between all regions

BALT, SMRE T —ANEAIEMEG B E G E RANES, ZHEHEEMR
MAEZE RN EIBZ ARG B E T K, e RREBRIF AN B E 0GR EF Ko
REG B, AMNTUAZAZRRAAREMAE, HRIRENELK, FTE#LLE
HFE A, AL XA T MHRAR M ZHIRE &RFIEREX, P, —
e ] EARAR GG K IRGE w LA AR F KA X (b B E T KK EFE KA

#), &AM AR P AR B 2R = 1A 273% (local spatial context , LSC). #t4l, BpiE
ANREIBAE ] EAEEIT, de RV AR M A (Bl e, CMNALREEK), &
FAEXTRAVAEA — 2 a4t HAVFF A ANA B2 37 69 KR Z 1] 9 XA X 2 AR
# 4 B R Bk 33 (global correlation context, GCC). #& /&, HALl%EH KL ALY
A, BHEFFRNETSEMAEBNTAGREARRH ERGRAFLARE
H &, BAEEKaGIE LT AR B A AL ER 3% (time evolution context, TEC) & %

To

ALRE T —HHGHFEFRIFARIEGT T WL, Ch AT EIATE., BEERL
TS he s B KA Z DMK B, BT FIRGEA A A AA LR Z R %
D AIAAL EFa ke A A B F ) B E AR K o REFAANR & a5l 464
RAMRALW B AAFIE, AP @A T ARMAA T HMAE T RKEXGREE L
Hok, FrdAEE KaY BT 0 4 hEfe R R AT & AR B BARK AT ITIC M %
(ConvLSTM) %, ATl E & RKEN. KRG, AT MHRA0HEZT A X IR 19 69 48
KPE, A ByAR K IR AR e it AL B RAS B IR R R ARIAE, FHRE AT KSR A 4
PES AR E AR, AR AN RKIRA A B R AR, XA, BARKBRES T AT
ARBEEE, TE2E55X A0 EMMBORBAMAX. RE, FF TEC kA &Y
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WA E TR T AL ALEERIKE, XAKEANERLE T RF LM
FAEAE KXo
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Fig. 1. (a) Illustration of the region partition on a city. We partition a city
into a grid map based on the longitude and latitude. Here is the example
of the Manhattan in New York City. (b) Visualization of the taxi demand
from origin view by mapping the passengers’ pick-up locations back to the
geo-coordinates on Google map. The sub-figure with title “R(i.j)” is the taxi
demand from all regions to the region R(i, j) during 8:00-8:30 am, May. 8,
2014.
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OD ERXHH &%, TEEHAEG, —NEBOE K> LEETRAAELAAH
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HALAZT B (Bl B P ARIR AR R IE 5 AL), ARG T/, BAEIER BT KT
Sy A0 ] 1) B P9 AN HE R R3] B 643 K 3R 6Y A0 i R B R

AAVHE AR At Al OD & KK 7 A =2 HF XtER (NXHXW) , A
FOH A W 5 A A 3R T MR B G & AT L. NART RREHK, FTH-W,
(WA N=H W R L @REM ST —tXFE, BEX-—PRBRARETRR AR
RT3, PTVA, — ARG EE—NEE, NDRREZH - WAER)

(B Ry A—ANEREEX, RAMHHEOLNMADN, AXFE, AE5T7THLE
R
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N is the total number of the regions in city and it is equal
to H - W. Specifically, X,(d, i,, j,), in which the destination
index d is equal to W - iy + jg, is the demand from origin
region R(i,, j,) to destination region R(i4, j4), The value of
X:(d,i,, jo) can be measured from the taxi request records in
time interval ¢. In particular, the d™ channel of X,, denoted
as X;(d) € RH*W is the taxi demand from all regions to
region R(i4, jg). Figure 1(b) shows some channels of X; by
mapping the passengers’ pick-up locations back to the geo-
coordinate on Google map. The taxi origin demand, denoted
as 0, € RV can be easily calculated by 22:01 X, (d).

C. 414 OD & K

B ALE OD & KM P A R 452 t iF R Z AT 3K 48, TR B 1A 18] [ t A 69 AL
£ O0ODFKo 4B 20T, HHAEEKRKTIAELFHGTER R, HLRMNELImAN
THEAEHFERLEZIANMMES, KA ARSI P EHIEELETH Mio

our final goal is to predict X, with the historical demand data
{Xili =t—n+1,...,t} and meteorological data {M;|i =t —
n+1,...,t}, where n is the sequence length of time intervals.

M Wl
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d My L
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Fig. 2. Influence of meteorological conditions on taxi demand. We show
the taxi demand from region(5, 2) to region (7, 2) of New York City in two
time periods: Feb 4-7 (Red) and Feb 11-14 (Blue) in 2014. We can see that
the heavy snow sharply reduces the taxi demand compared to the same day
of the adjacent week.
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XiN X HxXW N XN NxN XI'NxHxW

Fig. 4. llustration of the generation process of DO matrix from OD matrix.
N is the total number of regions and it is equal to H x W. T denotes the matrix
transposition. Each channel of the OD matrix X; is the taxi demand from all
origin regions to the corresponding region. X f is called the DO matrix in
our work and each channel denotes the taxi demand from the corresponding
region to all destination regions.
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_____________

C. Global Correlation Context Modeling 4> & #8 % 37 3%

B LR FAEE P ConvNets #= ConvLSTM R 43k T 4 £ & Koy B3z
Bo A, BAETKSHLERBREMER X, Blde, IRT RE KHRA KI5 EE
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Figure 1: An example of different correlations among re-
gions. To predict the demand in region 1, spatially adjacent
region 2, functionality similar region 3 and transportation
connected region 4 are considered more important, while
distant and irrelevant regions S are less relevant.
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Figure 2: System architecture of the proposed spatiotempo-
ral multi-graph convolution network (ST-MGCN). We en-
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Xiy1=0 ( | | r(A; ai)xiwl) (5)

AcA

where X; € RIVIXPi X, ., € RIVI*XPit1 gre the feature
vectors of |V| regions in layer [ and [ + 1 respectively. o de-
notes the activation function, and | | denotes the aggregation
function, e.g., sum, max, average etc. A denotes the set of
graphs, and f(A;0;) € RIVI*IV! represents the aggregation
matrix of different samples based on graph A € A param-
eterized by 6;, while W; € RT*Fi+1 denotes the feature
transformation matrix, For example, if f(A; ;) is the poly-

AEFREAEF, fA; 0 |):\./7iL F R E T LK ZAXSK, BIEFT
BARETH . K& viilid KSasakv. aEREHE5d, KZXLT TR
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Figure 3: An example of the ChebNet graph convolution
centralized at the black vertex. Left: The centralized region
1s marked black. The one-hop neighbors are marked yellow,
while the two-hop neighbors are marked red. Middle: with
the increase of degree of the graph Laplacian, the reception
field grows (marks green). Right: The output of this layer is
a sum among graph transformations with degree value from
1 to K.
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Figure 4: Temporal correlation modeling with contextual
gated recurrent neural network (CGRNN). It first produces
region descriptions using the global average pooling over the
input and its graph convolution output for each observation.
Then it transfer the summarized vector z into weights which
are used to scale each observation. Finally, a shared RNN
layer across all regions is applied to aggregate the gated in-
put sequence of each region into a single vector.
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{Attention Based Spatial-Temporal Graph Convolutional Networks for Traffc

Flow Forecasting)
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A SGRATAM E A, BT —AETFTEEAMNAGHZEERAL
(ASTGCN)# A, ASTGCN £2 8 = MR S 354k, 4 %) 38 7 69 = A B 1] 4%
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SR EEAMNA], AR GELIE T A ESH T XK 2 EEMR, R
BHAE B A AR AR E AR XA R GATE B AR A R A 4F AR, A=A = 0
AT A BRA, ARRATM LR, LFE AR ) PeMS 69 AR £, R
Ib & B P4 69 ASTGCN AL RE 48 T 8 e sk o AR A,

23.3 MM
ALRET —HETIEE A 6902 B EA ML (ASTGCN) A T M) 5 i H

P AN BHGBRAE, ZEA T ZTHREL T

(1) 8B T —MHEZEZENFRFALASHZAAXME AR Z 8 ZE 7
WRAFAz EZ 63 &= AR KM, AR B EE & ) AUk 42 TS R B 18] 2 8] 49 5)
A5 B IR AR Kb

(2) ot T —AeF 2 ERER, ATHZMXEEE, COLBEMRBGELT
B 69 33 P 2% 2 A P R S 1) AF AR 69 B B AR, AR RE R AR UL B MR B X R 89 AR B
) 2 B A
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4.1 Pl AR g A Ae 2 L

B aRsE LA REE G=(V,EA), B 2R, £¥VHV|=NA
WEGESERA AR, AFH LA 6EEEAER (NXN) ATHE G 64
GBI, AT EAAMB] FAMMME GRE, AE. HE&AE) , REAFZT &
89 FANEAE, 4B 2(0)5F & AT e AXBPAI R &ML T A Re 848 (R
B REAEE] B A FE) AR PN R GBIRE, BN XER
(N*F*T) 4 h YER (N*P) , A& N AWM B, F=3 AHFANT L9 =4
AR, T AN TANEE S, P A degnta b,

—flow
~ OCCupy
- speed
forecasting target

— time

(b)

Figure 2: (a) The spatial-temporal structure of traffic data,
where the data at each time slice forms a graph; (b) Three
measurements are detected on a node and the future traf-
fic flow is the forecasting target. Here, all measurements are
normalized to [0,1].
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Fusion >l Loss [€——

A 7 A

- L)1 — MW

] FC ﬂ L FC ) | FC
________i;:?___??_—_-;- ________ -~ ,--------i‘?:“_c__:_—_:.—
-§?[GCN+cmw ! E[GCN+Cm“'F i | GCN+Conv |!
ot 2 E 7 | [
5| sawtan Ji|i| sawetae |i|i| sawTan |
S s @:_'_“#‘I—L _______ t—_—;:—_al._ S — 3 ‘tl-%:—_-——;
ey P sy
= | GCN+Conv | i[GCN+Conv ] ' | ceN+Conv |
o ] | m—] PSS
51| SAtt+TAtt | :[ SAtt+TAft ]: i | SAtt+TAtt |

Figure 3: The framework of ASTGCN. SAtt: Spatial Atten-
tion; TAtt: Temporal Attention GCN: Graph Convolution;
Conv: Convolution; FC: Fully-connected; ST block: Spatial-
Temporal block.

AR 20,4 33y, KARIARL, B, BRMAFIE, recent 2R 4 6,4 4R

U ay T ANEHE, daily-period 285 612 AT — R & % R 5 UM B £ 48 B 69 % ANB 18] A

7, weekly-period 2537 — 8 3. % J8 5 HM 04 B AR 89 5 B 5 5], % =3 A
HARR B R A, B S AR ofe — N AR R MR AEANRE S AT
AR EFE YA T BB, A THRAINGRE, LFRRNTREEE. &

B, FIA—DNEFIEESF AN EESF, FRRLTANLE R, TEONHZTES
7 A& Ao b R KRR AT R @A o
T 6/14/2018 Thur.
, Tw 1 é 8:00-8:55 am
L) (R le—>] :es aen .'_,.4_+|4-—?h—>}<—'rp—b .
5/31/2018 Thur. 6/17/2018 Thur. 6/12/2018 Tue. 6/13/2018 Wed. 6/14/2018 Thur.
8:00-8:55 am 8:00-8:55 am 8:00-8:55am  8:00-8:55 am 6:00-7:55 am

Figure 4: An example of constructing the input of time series
segments (suppose the size of predicting window is 1 hour,
and T}, T;; and T, are twice of T,.
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4.3 Spatial-Temporal Attention
(1) = EE &7 HLF

B E L, Rz E O GB R LR, MELH LA RIBODSME,
H e EAME R EZEAAF A EphIT T Mg E P 2505 XBEME

S =V, o(X" W)W (WX NT 1b) (1)

S exp(Si ;)
4, = N
Zj:l exp(Si ;)

(2)

7"97}‘1’%}%%&’;, /L\\i{‘ (1) féj/pcy‘j: S:VG{(XW]_)Wz(W3X)T+b}
S=V-o{(X-W,) W, - (W, -X)T + b}

®EXF: XER (N*C*T) , P NK&ENAMWM &, C&= channel LLBp
ZAMME GRE, REANBEEAE) , TREMAG TR, WIER
(T) , W2€R (T) , W3€ER (C*T) ,VER (N*N) ,b €ER (N*N) , &% %
S ER (N*N) . X (2) % softmax K&K b9k TH X, BHRIFEENIESE St
frla—t, F—EMIEEN4ESES A£BaGEERTFFfARIE4EE A T4
E 3

(2) BFIE & A Ul
ARl e B, B BB ZGBR L M F AR, TEFILT 648K
LR B, RAVMEREEIH K A E KT HIERRGE,

E=V, o(X" " NTU)U(Us XN +b)  3)
exp(Ei,j)

4)

A ITARIEM, A~ (3) FAkH: E=V-o{(X)T-U) U, - (X-U3)+ b}
E=V-o{(X)"-U)-U,-(X-U3)+ b}
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EEXA: XER (N*C*T) , A+ NRKEANAIM L, C&w channel &8
EAMME CGRE, REAEREAE) , TREMASTARES. ULER
(N) , U2€R (C*N) , U3ER (C) ,VER (T*T) ,b €R (T*T) , R&ALXE
ER (T*T) o &KX (4) 7 softmax K& by & FH X, BWRFEE)IERE E AT
Ja—A, F—RBHIEENIEEE FiMm AN E X T RRFE R LM
normalized b}_r the softmax function. We diréctly apply the

normalized temporal attention matrix to the input and get

(r—1) s & 2
x.h, = (X1;X2:'":XT1~—1) = (XlaXQ:'“!XTr—l)E’ €

RN *Cr—1xTr—1 1o dynamically adjust the input by merging
relevant information.

4.4 Spatial-Temporal Convolution
A R EE AR LN BEPR I E L SR, ARG T KRR
He 2 18] 2 b 44 B B ARFe B ) 4 _E A AR R AR AR o

convolution
= . . .
5 A —__in temporal dimension
" —=N I —g/— R P
_ o8 e
37 ¥ 3 ) : s R
T :
X
8, &—@ +
o e

~---"graph convolution
in spatial dimension

Figure 5: The architecture of spatial-temporal convolutions
of ASTGCN.

(1) =04 Loy B KA
XTHEAMR, BATABAALET &, —MHRAWE XS0 LM:

K—

|_|

go *c x = gg(LL 0, Ty (L (6)
k=0
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HEF, 0€ER (K) AZRRXEZHNEE,

H b Amax A dn-E TR A R KAFAEE, ML E R Z X ERXE A
Ti(z) = 22Tj—1(z) — Ti—2(z)
where Tp(z) = 1, Ti(x) = =

N AAD Y T AR B g0 BRI 0 F|(K-1)NARE 6912 8 W= 1802 & ) Ll 2
IBEIRAREE - Evk AP

go*c = go(L)r = Y1y Ok(Tk(L) © §')z.

A, B TFHEAHIE XER (N*C*T) , ETEAK | F2H C A filter.

. L oalr—1) T .
ponent, the input is ?L’EJ T = (X4, Xg;..,X7,_) €

RV XCr—1XTr1  where the feature of each node has C_;
channels. For each time slice #, performing C',. filters on the
graph X,, we get gg *c X;, where © = (04, 6., ..., Oc, ) €
RE*Cr—1xCr i the convolution kernel parameter (Kipf and
Welling 2017). Therefore, each node is updated by the infor-
mation of the O~K-1 neighbors of the node.

(7£: TA F9r—H5 89 GCN, BF 1 Y,

O@xgz=0(I,+D WD %)z
— 9D i WD~ %)a.

(2) i) 4 B _E a9 AR/ AR

B EREIR TANRAZ &, A ak b B EoirfeRmE, AR 4%E#—
L FARAREG Y ] AT B, 4 B 5 AT

()

X\") = ReLU(® * (ReLU(gp *g X} ))) € RO-*N*T:

(7
L @B EEERIA ZERBERMET — NSO R, ZAEHE
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3
TE
%

e, T —FRBIZKEEAGHESH T XKM, K5, Bm—4AcEEE, K
EoEtinh B 5N B ARG R T AL, KA & iEEEE A RelLU 1F

BE R

4.5 45 IE gk A

?=Wh @i’h+Wd@§’d+Ww®f{w

235 RBI}4H

(8)

S K AT WA IEE, PeMSD4 A2 PeMSD8, X3 X4 GitHub ik :

'F

https://github.com/quoshnBITU/ASTGCN. 44k e . e | »
Feat e T HBLH

Model PeMSD4 PeMSDS8

RMSE MAE RMSE MAE

HA 54.14 36776 44.03 2952

ARIMA 68.13 3211 4330 24.04

VAR 5173 3376 31.21 2141

LST™M 4582 2945 3696 23.18

GRU 45.11 2865 3595 2220

STGCN 3829 2515 27.87 18.88

GLU-STGCN 3841 2728 30.78 20.99

GeoMAN 37.84 23064 2891 17.84

MSTGCN (ours) 35.64 2273 2647 1747

ASTGCN (ours) 32.82 2180 2527 16.63

KRR LF

Table 1: Average performance comparison of different ap-
proaches on PeMSD4 and PeMSD8.
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ZhE, Ad—FEM “ZEER” 8L
(1) : {Bike Flow Prediction with Multi-Graph Convolutional Networks)
2018 F % 26 /& ACM = 363212 & R At R B IR s0E Uk, #35| 7 R,
(2) {Spatiotemporal Multi-Graph Convolution Network for Ride-hailing

Demand Forecasting) o

2019 AAAI K&t — B L, #5355k,
242 HEFeR{N

Q1AM EFE LB BSR4

AL AREFIBRRSITEERAINGEZTEE RSN, ALI_E T —F
% R AARAPZ RGN BB RE, AU REeTARENGAZ RN
REFREZ B, ALA—NATELEFTZEMET S/NBERRBRFH 8 ] X

)

F. KRB, BdasTEARY, FEAERERMMNARG LB OTERE.

7

AXARE T —##69 % B ERAYE &R BRTF 2EEZ 620X 7,
SEHEMHLERRFR, ESREREGAME, RHE T —#a 4 LSTM 4 encoder-
decoder %m L fEsL 35 454, M kMR AI X R, A, X THELRATEREMR
M, FTAR FEHRFZR K BLFHAE, IRBRAM S EERNE R %R
b mBAGEF AT E R R P IRERM,

[Pl RLRA R . ARt B2 ART A9 st sb i A b kIR TN € B R 69 2ok iR A i SR
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KRR A EF KN 69 BARRARAE A LM, TR EANAKBARGE
Ko X—HEHPEME T EAET AR EAXE, —F @, TRRXBZEAEEE
ROIRM KX F, Blde, —ARBRGEF KB F T HE T AR R R R R, RNEELA
FfA LT LR RE T K BAR K. F— @, TN 0 LA 2 ] L A AR R &
AKX R, *E B2 AN E T 5 &AFH L 25 R 4B KK, dm— EFART. — XK
A& E—RAT.

EFRALRE T MR ELF IRAE, HKANE S EERML(ST-
MGCN). E&7ak4eT: (1) ARMAHEFKINE, RA S X&) 6 FR X A8 %
XFE, HRBEEASABRS AT RG, Rt — T ARG S B ERTiX kAR
FHSITES, (2) By TEATF ETLIT4EAH 49 RNN (CGRNN)E A, A6t /5
R K Z R IINE B/ LET LR L

FLEASE . It B2 VART 69 3E sh A At SR TN t B %] 64 5 A At 5B
243 AT

1 AMEFEEBAESR:

1" E\\ - Aaard :
\ Prediction with Confidence
: o !
| Adding SelfLoop |
e et 3. Prediction Network
1. Graph Generation 2. Multi-Graph Convolution (Temporal Correlation +

(Multiple Graphs) (Spatial Correlation) Confidence Estimation)
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B 0G4 R A B B AR R 69 K8, de R AT E G B N Re st sk B 69 F K A
FHAT R, XA F REHEHGF ), EAERANERE. —A k3, ZRMFZ
A BB AN SRR KOG sb B MG AL RE RO T, Ao hah b, BRETH
bR =AM EEHR., RLBMMALR,
REL: EHRE, FPHAESGBERETHRARE,
ME2: RERW, RN LKEFTANEFESEZNBGTEREIRETERRE,
BE3: WEE, AR (e 1) R85 S R OLGR
ARimd), RETHEERAEZ B GM K HAE AR PsbRAE, KL4E R R R
AR H AR KM,
(2) ZREMR
PR T A e T 2R Baxbs AR B AR, Baxbs s Lamag =S E
FTIEEGEEN—PRARE. KMNA LT EANBOARELESE A SITREL, KRB
AT E BT B AR AR e R K Ae R A REI B . A T A& Feiz B 5 6y
AL RAEFE—N, KRMNAERIEE P 3 —F 3 T —A softmax iz H ., 33| he
ASE )G A R B AR E BT I .

JHD, 4) = o (ﬁ—%ﬁb‘%mwww) |
with /—1 = A + I, where [ is the identity matrix and Disthe diagonal node degree
matrix of A.
(3) Fm #2438 5
& A encoder-decoder LSTM 2549 69 30| B %, ¥ a3 & 3F A TN L LF
I,
32 M FAEAAER
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Encode pair-wise
correlations between regions
using multiple graphs
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Capture spatial dependency
with graph convelution on
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Figure 2: System architecture of the proposed spatiotempo-
ral multi-graph convolution network (ST-MGCN). We en-

PR i 6942 A ST-MGCN 89 2 AR A4 ] 2 o RAVIF K3 B] =AY X & XA
A TASARE, BOMERTRER, LEATRRMGETXE. B4, HELE, &
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BARRMRERB AR LB GM XM, ®E, FIHLEREERITHIERSELA
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(1) AR

R 3R G ARR R AR = MARIL MR 2 L. RAVE—A 3XI AP, HF—A
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(3) @& EM R

HFT TN, LBRACLR—ANTEZHZE, AMHGL, P ig it
18 7748 B3R 69 RIR T AAR B KGRk, X FEER B ZR A, SR AR F 2
BiEFH, XF, KMNEXRERAEMEGRIB LA “Fi@” |, R
XA
(4) # A % B AR TR X £ ST

ARG EA =AM XA E, HAVE R T XEATER, f(A0)ETE
TR (e o

X1=0 ( | | rea; Qi)ngl) (5)

€A

where X; € RIVIXP X, € RIVI*Pi1 are the feature
vectors of |V| regions in layer [ and [ + 1 respectively. o de-
notes the activation function, and | | denotes the aggregation
function, e.g., sum, max, average etc. A denotes the set of
graphs, and f(A;0;) € RIVI*IV| represents the aggregation
matrix of different samples based on graph A € A param-
eterized by 6;, while W; € RP'*Fi+1 denotes the feature
transformation matrix, For example, if f(A; ;) is the poly-
Eg%@ﬁ%f@ﬁbﬁ%ﬁ%ﬁ%ﬁ%L%K%%ﬁﬁ@ﬁ,@3&%7
B AR ETH .. K& viil TG vj. EEREHEFTE, KX T ZH

Fr SRR BB B Fm 3R 0 Koo
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PPifid 5 F 4L, KSR P Eae B —KE L, X —RILEEEF,
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24.4 SFLE
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Figure 1: Example of Grids and OD Matrix
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Figure 2: An overview of the GEML model.
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Figure 3: Illustration of grid embedding for both geographi-
cal and semantic neighborhoods.

(1) Geographical Neighborhood
AN DK 3R 8 B Z 18] 69 3B & ) T — 2 B AR VT & LAy e 32 AR5
®; = {gjldis(gi,9j) < L}. (1)
(2) Semantic Neighborhood
T R AANREIRZ B £V H—A OD % ('vr»x%ifa}iif@), BReT & LA P A i
AR, HAEZETEBE ) =1, 2., &ATT LB N K 2 FKIHA | 6935 AR

B X(2) T4, ) A 25 TR ) B 1] 19] [ 49 35 SUAR B/ 3K R R 5% 4 . 1 F ODMP
Pl B AR, B R R R R R B A R eiE LA R E R TR,

Qf = {gjlmi; >0 |l mj,; > 0,m; j € Mp,mj; € Mp}. (2)

(3) Pre-Weighted Aggregator for Grid Embedding

BAVE LR G HIL AR O FoiB SUARIR Q HETHAN MA@ 2 LT, RINRA
AFANFINE—ANRBRGHNEZ, MANGE—NPREZZHK, CFLARENY
ARB P AR R A R FAFIEE &0 BIFEMAB AT RABRNG RS EZ 0T, KA
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BARR ZNBII0R A6 A F REEH K-
vi = o(W - MEAN({v}} 0 {v}.g; € N})), (3)

Vi Z R gi 9B A=, MEAN( * )& T3 8 L& ¥HE, vji 2R g) 9HA
MEAFRES T ERATEL Vit vt B LR 6 9E, FF I EER AT e
Vil A, REH—RERRES G TARMI4= pooling aggregator and LSTM
aggregator), LA 49 EBEARE S Tk ODMP %5 FH#2Z A0 MR TR MA&Z M %
FAayRt), RFHTERREE, REZXILREZABRESFNRNRAEQITA 4
ARG R S CMERE, AWML, AA RS L EHAAL, SN EMKE
FAEARMA . JLIb, EELATER T, ARE AR REAL TR AT A
R, BACKRETREA RS HITEX,

q

AR L RET AR ESE, ZROBZTULEFHRE T ERER
AABNGYE BARIR Lo T MAL GG I AR IR, KA A ABAR X 3R 18] 69 38 HA4E A &
R ERT. A, RAVFREARRGTAIRBELERETH:

i _ (fi kit i Ll
r, = o'(Wg (fy +gj§®; 5 dis( bgj)f;,)), (4)

*FFiE X AT, degree K& OD %, PPA/NRKIRZ A4 OD i (M i 2] j &
KNjEND , e B—AEEF a9 EED T8, L% degree(gj) = 0.

— degree(g;) i
i ISR L
S _J( sy + ZJQ Zdegree(gj)+et{f'})' )
gi €

AR, MAPER TR T, B—NHEHKIR. RE, FAMAELET
HEARFE] AN RLGELE T

vi = [ths8h], (6)
4.2 Multi-Task Learning

A T —H A periodic-skip LSTM #9 $ 4 45 3] 5%, 4B 4 T,
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Figure 4: The architecture of the multi-task LSTM.
(1) Periodic-Skip LSTM
h; = LSTM(x¢,h;—1). (8)

AT2ETBREERGADEEX, KM UCAR KEE FHRAMIT 5
X, #FERBRSFTLHTERGEIFEEES K,

Figure 5: The number of passenger demands w.r.t. different
hours and days.

B, HrRN, REFKORECLA AMOREX. Kdm, EFNT— K
REF K, LSTM &9 Jp 7|2 42 77 A58 AR R Z AT 932 2 ) B POl R A3 &
ET e & KM EA 5 RFB), RATMKGMASZERSRET. Ak, AT
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AT ST B BAPE B AT AR, RAVR BRSNS FI{vil, vi2, -, VitMEAMA, #
— % ¥ Eq.(8)%% 4% # Periodic-Skip LSTM, ®kit 7~ 48 3 49 5 4¢ X

h; = LSTMP*(v{, h;_,) 9)

H 9 p B FEB K S Ko
(2) main task

B periodic-skip LSTM 42 2, &M T AfF 2| 20t A t WA gi e = kT~ A TH
3| OD 4E % ¥ & —M mij 4918, &AM T —ANLELESE WmER (dXd) st
OD A #ATHEAL, b, MAE mTH TRt H. MRBEAHFTEE,

i, j = (Wmhi)Th, (10)

and we use mean squared error to compute the loss function for
the main task:

N
1 -

L = — M -M ) 11

ODMP = I o N 3:1 [IM¢41 t+1| (11)

where m; j € My, is the real value in the OD matrix at time
t +1,n < N is the index of the training sample.

(3) Two Subtasks: Predicting the In- and Out-Degrees
AT _EiR B AR OD 4E %69 £ B4 4509 R B, KAVEHFIFAENR (p) F=ik
iR (q) ST T HEAE. HE 9 Winfe Wout £ B T H R A48 N3 B ARE 0 A A&
HRE, MEHYBAHTIRE, CARANIRK.

pi = wi,hy. (12)
gi = Wy hy, (13)
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1 N
LN = > Gin - Pin) (14)

GIxN & &L
. N
. ek R
Lour = GIXN E E (9i,n — Gi,n)°. (15)

n=1 gi eG
where G is the number of grids in the OD matrix, n < N is the
index of the training sample.

(4) K b H
af LR ZAME S, BAVF R F W MR BTG OMRLEESALR, F

Lcemr = nLopmp + ninLiIN + nour Lout (16)
Because the importances of different loss functions may be dif-
ferent, nin, Nour, n are added as the weights of them.

BARmE, LFFTA LA FRI, EFEE, BXBELENHE NG5S
B, BRIk A E EBITAAEE], & O 5F D .AEE— 2 TR, FELFEEE OD
FEE R REIF R 09, BAI A AL 690 ¥ OD 4B 54E A 3y A A2 R BN £ R+

26 Dynamic GCN: A TSR ZRERAEMEHN T
Ry Ry R
26.1 XERE

{Dynamic Spatial-Temporal Graph Convolutional Neural Networks for Traffic

Forecasting)

129



HEKFAE A5 TSR 2019 Fm 8 £ AAAI TR& B8 — B L,
26.2 W&

B AEARAYZE R & RBA AT T EIEH G E XL GdaE 46, A —KE
TR T AR KX R ATER, Ad, AFSERNSFF, THRMXEXME
B 1] AL, AR R B A9 45 45 0 4R I R AR AR IR A AL . A T SRIZ 3B SR 2 ]
AR AR K F, AARE T —ah 56982 GCNN K47 SGB M, oo &3t
PEBIEERATNED> . AT ASRFIIAAFERELRE, RNFKRELS B
BRNBREFIERY, R GBRIBERSMBA MR, RETRANEX R
ey Efe—ANHREIE GBI E, AELIEFOLME, RE T A4
A6 B LR AP 2 0 B A B) A2 S AR a9t ik, AN T TR
o FIAANKBEEFMEREN, ZRLHENLEERAIRS T 25%,

26.3 @A

GCNN f& kA2 B LR M F B 69 35 £ 45 8748 [E, AR SUH 5 83T A 48 1 5 AT
WBAEEZ £, VAATHY GCNN AF 508 %45 & 5 I 4B IE 2 46 N T, BP i A B A9 AT 446
MR RimAMZATHF LAY, ERRGIREERN, BEXZEEEE
EXKMEF. ob, FRBTHRLATBEFR, ZLAH R %R FREZ MG £
o, RERELSRABEEGASEN, AnPhbtilisE, Bk, Btk
EBMAEET AR T,

HT Mk ERRIA, BT — A48 E 2 4-3 5 GCNN (DGCNN), & 7
BANR O GBRE, SINA AT GCNN 4L, AL Tdkde T

(1) KRESMIINEFEEFIERY, KSGBHIBE R T RIRA Bfe B2
DB MIREST AR, —A B35 1 694 R SR R b 5300 48 —A
RWHREMRRG L ADE, FARUBEZHEIEEH AT O AT E,
LEE R — R GRE BN GRE RS
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(2) A TAREL BA B EHESFIFT RN EBM4ERE, &t T —
MATREFIIGEEEMEEAT S, A E T HEmeyReifFhotikdE, F
RO AE I 09 35 F5 4R [ A N\ B B B AR B SEAT RN .

27 ODERMM: ETFREFIEEHEAEODE
KRR 2 ST b

27.1 X FEE:

@A T OD & KM ey LF, H—dmmz s, &dks—okT.

—. {Contextualized Spatial - Temporal Network for Taxi origin-Destination

Demand Prediction) .

2019 & f£ IEEE Transactions on Intelligent Transportation Systems _E &5 — & U
¥ GEHAH 2K, IF5.744) .

—. {Origin-Destination Matrix Prediction via Graph Convolution: a New

Perspective of Passenger Demand Modeling) .

Jefi it HEAF I R A2 2019KDD 49— Bt Lo

272 #H%

K5 e

— B

ASLFE T — AP #7695 & 5 IR IR 69 B = F 45 (contextualized spatial-temporal
network, CSTN), © & &3k 353 (local spatial context , LSC). B Ia] % IR
(temporal evolution context TEC)#= 4 /& #8 % 37 3% (global correlation context , GCC)=
Ak, (context iXANE, M _EKRIFH;AREMIFR LT L, KEEFRITLE
WF— &, ALPTA context 89E0FH AR o AL, AFEAIRIALRA] KBS
BARAY 2 B 28 5 AIAAL B Fa s AN AL F ] B R MR M X R o ok, FrhfmE
F R B E M A Fe R R AT & AR B B AR KLU M 45 (ConvLSTM) ¥, 547
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BALE T KEN. RE, AT HE RETA RIRZ M6 £, 4B EIRER
Bt AR EAARIBZ A G AR RAE, HH AT A KB a4 ie 5 AR EAade, AR
BRI L H X EHIE, FI30 & A ARA 0 & L RAF.

(7 T ey e R i SRS S ) 2
Me (Cy—— TEC = 1 Xit1
® FB Ea'—'thg 1 Conv

Conv

I

I

i 1
| I ol >

: : = 3x3x32 Fi
I

I

I

vl e 3
X; axdxde oo

e e e = e e e e e e e e e e e e e e o e

TR I EETHA =7 @

(1) FAAGHAEEKFAMNY &2 EAE R BT KA GES P, 5
HRBRALA B KOREMNEL, BENTE, ZNAF—ANALHERRHAE
& R G,

(2) BT —HIAGN T WEMETX— R, CRLFHIHI T EIFRIE,
B 18] 3% AL IR B Am & By AR KRR AR B — N R — AR R P,

(3) Adifl%E OD F KM agk % g E#ATHREFRREN, KN FH &
PO HLA 0 SR SR 09 T iR — 2 R

=, Bk

ATHRAREGEFEX, ITEF6FERATAN MK F] G — X AR
EEKE, B OD4E% M (ODMP) P A, OD 4E 47U bt & 38 & K 7 ) 2 Bk
Ko RT BN —ARREGTER>4EF, LFEMMNE KRG B 693, LIk, %
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HRER AP EGF M, BRALRE T —HETREGAGER S 5F T4
A(GEML), ZAEM £ 20,5 RS, AR EE &F T B1Z & MAAHN
AR T I RE T AKX e RE IR AR X R #4724, AR S
F oY B2 B R H AL R . S5 3300 WA E T a8 & bk A AR A b
3% ODMP 742 B #R. #4448 % -UCAR #= Didi-49 45 % & 9 GEML 7 46 F &
o

" 2 Soft \3, Predicted Marix
Taskl:L(D, ) | 4= \illm/\. w ucnicalvcciial
% D, D, . D
Task?_.'[(l) ) & @h}ug - ] B : e
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Figure 4: The architecture of the multi-task LSTM.

AL BT AT

(1) #H OD 4E 7] 2] A F 0 45 € B B L A 69 OD R A F K, & TR
2P LT T REAAETREEL,

(2) ¥HF R EBXI A A, Xt T MRS L%, 8 23 2 L8 FA&AR
B(HIEAE LARIR)Z ) 69 B B AR, STEANRAESHTHN, % W %&8 T4 15 GCNs
g1 B AR AR X R MA&Z 1869 OD X & o

(3) B LSTMXH T —AS M55 MR THIRERLE Keynra 24,
FANFAE 500 R A& P 0 RN AR R E K, AR S TN AR W AR 2 ] 6
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(4) ERAALFERAAEM ERIEE o) KF S EHR S 69 GEML AR M 4
T A EAEA,

28 T-GCN-Ff 18] B £ AR M % B T 3@ A
28.1 X FREE&
{T-GCN: A Temporal Graph Convolutional Network for Traffic

Prediction) »

bk A 513 84032 32 1% 2019 & /&£ IEEE Transactions on

Intelligent Transportation Systems k&9 — & L%,

282 #HE

AT BB AR E B Ao AR X R, LFERE T AP TAY 2 W 269 38 TR
J7 sh— B 1A B A AR M 2% (T-GCN)BE A, A1 25 & T B A AR A % (GCN)fe [ 145 )2
¥ T(GRU). GCN AT 53] £ thdad M AWK T AR B X Z, GRU A T3]
B H AR S TAKRHRE BRI X R o T-GCN A g F T A& T 37 54 1 49 5
BIAM . 5230 & Y T-GCN AL A 7L £ BAE T A A,

28.3 M4~
Pl T — AR A T T 18 98 B 269 38 T 7 ik —0 1) B B AR R 44 (T -
GCN). F &kt T

(1) T-GCN R E R TR AR LA 135807 2T, £ F B HEAR R L HFES%
M i63L4EA), T FE P a9 = AR AP BEAT AL, AR 14538002 3 T A R 8 % 3 GR IR
WEN AT, Fa R E R ITIEAL, T-GCN AR LT g B T & & o = Fn4E.
%o
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(2) T-GCN AR 4y FM 48R K 9, AAF & TN AKFT, T-GCN &AL F
A& KA, XL T-GCN AR A AT ASE SUASIAFAM], LT VAR T KA 89 38 1
MAE % (15 5%F 30 5-4F 45 547 60 5-4F)

(3) &ML R A AR BHAB R R IFBEERMG T 5. BREN, 5PTA
K& Ty kA, 7 RN R £ TEIKT £ 1.5%-57.8%, EB T T-GCN A4 A& 5T
SR 7 vy f AR

ALWERFN ML 4T F 3R T @AM G4 K50 B =it
mABT RN Tk, EHFWEHRL, EAVFET T-GCN 697N M AL, QL IERA L
kit MM R9AT. KA AR GG, KAVE S B3 ALt

2%

2 o

28.4 EAKIH

RS, SBRNG BATAA TE % Loy £ 3815 8, A —=
WS & ERMGT T, B LR—A—EA, TARBLE, il
AT RGBT o WRIE—ARE, ARAVE 5 305 A S i AR 3
Bl¥

(1) EAR L

BHRLH G, KAERNAWMRE G=(V, E)kfRiE % W eydad M) A8
HBAEA AT EVARELTEELSV={vl, v2,* « «+ VN}LNAT SWHKEE
REDFEL, ARBLEE AR TERZ A EE, AER (NXN) . ARE4EHF R &
04189 TE .

HFIEEME XER (NXP) o ¥ o983 & ME AR T 800 & AL,
Pﬁiv5é&%%g%mviﬁm§%%% %), XteR (NXi) B F &+
BHRRE . B, TREEAFETAREMEE L, el E ., R

Fo B E K
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B b, B 38 FU R AL T VAN A R AP P A6l G A dF AE4E [ X 09 AT4R T 52

St HEf, RETHEARTHZAGEEZ L, wX 1T

[Xr+1, s Xr+T] = FAG; K=y~ -~ 5. XKpis X)) (1)

(2) Overview

ZERN AT o iRy
X G X k‘f P s
¢ ¥ e ——

________________________

Fig. 3. Overview. We take the historical traffic information as input and
obtain the finally prediction result through the Graph Convolution Network

and the Gated Recurrent Unit model.

T-GCN A& g B K AR & An | 1428 )2 2 LA A5 B k. 4B 3P, KATA
SeAE B Sk n ) P ECARAE R oN, AR R EAR R A IR T R R 4B A, IR
)09 LA = B AFAL Y B A P N 145382 TR 8

gﬁ]#%:/ﬁ}-o /\/}\, ’]%‘
MELTH, HREEFIE, K5, B LEEEFHE

i U 8913 B AT R AT
%o

(3) BAFmMA-4

1) Spatial Dependence Modeling

WITEHE N RR AR, ARG X, X E%RA CNN R R R bR

I8 & P 24 F A% 09 46 A1 22 M) B S TS AE R A Al 4R R R KX A .
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Y — NARIEAE [ A Ao 4 4E4E [ X, GCN A2 A 248 B et i b My ik — ANt B,
ZEBRBER TR &L, BT —MNARBR AR T R MG TR 44E, KREGiE
T B S ANEARERMIE GCNER, TLETA:

HED = & (5—% AD 3 H(”a“)) 2)

where A = A+ I n 1s the matrix with added self-connections,
Iy is the identity matrix, D is the degree matrix, D= Z r /Ig_;,
HY is the output of / layer, 6") contains the parameters of that
layer, and o (-) represents the sigmoid function for a nonlinear
model.

AAF i 2 & GCN A MR T AR X F, TUETH:
f(X,A) =0 (AReLU (A X Wo) W1) (3)

where A = D ZAD? denotes pre-processing  step,
Wo € RP*H represents the weight matrix from input to hidden
layer, P is the length of feature matrix, and H is the number
of hidden unit, W; € RHX*T represents the weight matrix
from hidden to output layer. f (X, A) € RV*T represents the
output with the prediction length 7', and ReLU (), standing for
REctified Linear Unit, which is a frequently used activation
layer in modern deep neural networks.

47 ERTE, &AVE A GCN AR AR B 438 P 52 3] F 4540, 4B 4 AT, 1R
BTFE LA P CEE, GCNARA T LT R sl 54 5 1 8 B i 58 2 7] 69 4641 X
F, MR ABA M il BE B A AT AL, FFE] T RRBK £
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Fig. 4. Assuming that node 1 is a central road. (a) The blue nodes indicate
the roads connected to the central road. (b) We obtain the spatial features by
obtaining the topological relationship among the road 1 and its surrounding
roads.

2) Temporal Dependence Modeling

R, BT LSTM &4 5 4, M m&Ek, @ GRUBRA ML, 4
RED, NERAR K. Bk, RATEFT FA GRU AR A 38 K 48 F 3R I 1]
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TN il 33
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Fig. 5. The architecture of the Gated Recurrent Unit model.

3) Temporal Graph Convolutional Network
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T_--.. T_ jj Acellof G A (o) h)
;! T-GON Model = | A=A [T
T6eN ) (TGeN TGCN . | /
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Fig. 6. The overall process of spatio-temporal prediction. The right part
represents the specific architecture of a T-GCN unit, and GC represents graph
convolution.

do B 6 BT, A3 R B R IR0 69 i3 AE A M 8G9 2 T-GCN cell #94% = 454, ht—1 £
Tt—10269%t, GC AR AAIA ut Aot Rt 2 TFZTE], ht LTt
Mzlagim . (FERLAAEMWT BN GCN EFo—A GRU &)

4) loss function

A NT L2 EE WA ok i s

loss =|| Y; — ¥ || +ALrcg (8)

285 LIy

ARF P, KRANIFAET T-GCN AL A £ B A 5 IR 4038 55 b 69 700 1 Ak SZ-taxi %
FEEF= Los-loop ##EE. RAXANREEMEBRER £, NR—MAK, £
FIRI S, HAVE R B R FE AR B

(1) dataset

1) SZ-taxi. EHKIEFEHEN 201551 A 1 8 E 1 A 31 H &40 & ik 538
A%, ALHIFTHRK 156 K 28 RAEAFRTREB. FRHEIEITEZQLIETILD,
— /R 156*156 a9ARE4EF, A THERZ AT AR, F—IfT&kT—5&E
W, FEMEFPOMER TS N EEN, J—ANRFIEESE, CHRAETHLHE
Bk BT ML, B—TRE—F%, 22 NENKER AR E,
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BAVE 15 por it — kB 5% Loy £k,

2) Los-loop. % & #% 5% A 38 i SR ARM 5 AL &AS AL R 6 L SR BT R R 8
FNEFT 20T NMERBFCMA2012F3 A 18 F 3 7THHBRE, 5%
it B —k R o KNGy, FIEH —AARIELE G e — N AFIESE R R . A

Wk AR B2 A a93E Bt HARESEE ., B THIBEE QS — BRI, &M
18 B &M FEAE 77 ok R A Bk 091,

FRP, M AHKIEE—AEE[0,1]. 7, 80%HIEABAE NI LE, FI Ty
20%4E A MK R . ARATFA AR 15 54F, 30 0~4F, 45 9%P A= 60 44+ a9 il &
E‘io

(2) Evaluation Metrics
LERARLET 5NN AR, LT~

(1) Root Mean Squared Error (RMSE):

M N
~ A b o
RMSE = J —_ DD 07 -yl ©)

j=1i=l

(2) Mean Absolute Error (MAE):
M N

MAE—WZZ‘\ oyl

j=1i=l1

(10)

(3) Accuracy:
1Y =Yl

Accuracy = 1 — ———— (11)
Y llr

(4) Coefficient of Determination (R?2):

M
(\ - Y; )"
Rz =i e Z Zl | 7 (12)
Z Z 1(‘ N
(5) Explained Variance Score (var):
Var {Y - ?}
var =1 - —— 8 —— (13)
Var{Y}

H£+, RMSE #= MAE Al T Z MR £, HAEAR ]S, FONBORARST
Accuracy A T4 TR A B, HAEAR K, FAM K RARLF, R2 4= var it H A X &
¥, BreE Mo RAREFIREIEORR Y, AR, TN B RAALT
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(3) S&HFARA LK

T-GCN A G ALK £ 20465 TR, F KD, DR A28 E T
o ARBY, AMFHALFRESFIFA 0001, w2 KA 32, NLEA
5000, & TH A T-GCN A G —ANEH Z 2058, TR 6L E THOT 7
MAFEARKRGH R, AT RBFRMLAE, KN REQEBRETHT T ER, Fil
A M LE R R EFRMAL. ARMNGELRF, T SZ-taxi #IH#E, KMA
[8,16,32,64,100,128] F i£ (4 # E TAYN 4k, DATTRMAF F T, RIBEFRER
A3 SZ-taxi K AEEEZE T 100 NEBE T R AR A A9 7 F 3T Los-loop £ 3% &
HET 64 HE L,

% 4h, 4% B Adam 4L %9 % T-GCN A2 A,

(a) (b) (c) (d)

Fig. 7. Comparison of predicted performance under different hidden units in the training and test set based on SZ-taxi dataset. (a) Changes in RMSE and

MAE in the training set. (b) Changes in Accuracy, R= and var in the training set. (¢) Changes in RMSE and MAE in the test set. (d) Changes in Accuracy.
2

R* and var based in the test set.

(4) Experimental Results

X LR 45 R AL RN, EANEARY, JFAEATAF LT R 6 A
AARTH, MALERSZKFLTARTOREFEFEFR. ERTEDETUE
Bt o
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TABLE 1
THE PREDICTION RESULTS OF THE T-GCN MODEL AND OTHER BASELINE METHODS ON SZ-TAX1 AND LOS-LOOP DATASETS

SZ-taxi Los-loop
HA ARIMA S5VR GCN GRU  T-GCN HA ARIMA SVR GCN GRU  T-GCN
RMSE 4.2951 72406 41455 5.6596 39994 39265 | 7.4427  10.0439  6.0084 77922 52182 51264
MAE 27815 49824 26233 42367 25955 27117 | 40145 76832 37285 53525 3.0602  3.1802
15min | Accuracy | 07008 04463 07112 06107 07249 07299 | 08733 (08275 08977 08673 09109 09127
R? 0.8307 ® 0.8423 0.6654 0.8329  0.8541 | 07121 * 08123  0.6843 0.8576  0.8634
var 0.8307 00035  0.8424 06655 0.8329 0.8541 | 0.7121 # 08146  0.6844  0.8577 0.8634
RMSE 4.2951 67899 41628 5.6918 4.0942 39663 | 7.4427 93450 69588 B.3353 62802  6.0598
MAE 27815 46765 26875 4.2647 26906 27410 | 4.0145  7.6891 37248 5.0118  3.6505  3.7466
30min | Accuracy | 0.7008 03845 07100 06085 07184 07272 | 08733 08275 08815 (0.8581 0.8931  0.8968
R? 0.8307 * 0.8410 06616 08249 0.8456 | (.7121 * 07492 0.6402 07957  0.8098
var 0.8307  0.0081 0.8413 06617 0.8250  0.8457 | 0.7121 * 07523  0.6404 07958  0.8100
RMSE 42951 67852 41885 57142 41534 39859 | 74427 100508 77504 B.B036 70343 6.7065
MAE 27815 46734 27359 4.2844 27743 27612 | 40145 76924 41288 59534 4.0915 41158
45min | Aceuwracy | 0.7008 03847 07082 06062 07143 07258 | 08733 08273 08680 0.8500 0.8801  0.8857
R? 0.8307 ® 0.8391  0.6589 0.8198 08441 | 0.7121 * 0.689%  0.5999 07446  0.7679
var 0.8307  0.0087  0.8397 06590 08199  0.8441 | 0.7121 * 06947  0.6001  0.7451  0.7684
RMSE 4.2951 67708 4.2156 57361 4.0747  4.0048 | 7.4427 10.0538 84388 9.2657 7.6621  7.2677
MAE 27815 46655 27751 43084 27712 27889 | 4.0145 76952 45036 62892 4.5186  4.6021
60min | Accuracy | 0.7008  0.3851 07063  0.6054 (07197 07243 | 08733 08273 08562 0.8421 0.86%4  0.8762
R? 0.8307 * 0.8370  0.6564  0.8266  0.8422 | (.7121 * 0.6336  0.5583  0.6980  0.7283
var 0.8307  0.0111 0.8379  0.6564 0.8267 0.8423 | 0.7121 = 0.5593  0.5593 0.6984  0.7290

T Metric

(5) A AR
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Fig. 12. The visualization results for prediction horizon of 15 minutes.

1) T-GCN £ A By 2R A MAM KA GG TN & 2 . &AM £ 2R B A GCN
BRAAEAG LB P 2L T =/ FRELS TR AL Rk B R AR I T A 4
AE, X —id AR F BT EARTAM L& R TAL, AEFFEAE R AT,

2) FIRBFEL CREMEM” WRNEREGE—RGFLE, “Rhid
16” RAEH TR XA EMAE, FHFALFEAETRANEGGBAFIEIEE A RGN Z
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3) TN BT K FE B e fT, T-GCN AEALE ik BRIF 24T a9 FM 45 % . T-GCN
AT ARG S SGB 1R BT R AFAE, R T ISR SRS Y, s,
T-GCN A2 A AL M) 2] 38 =y 24 21 69 FF 5 Fe 28 R BT 1), JF 5 5% I 338 3R 0 AR o 8
TR 45 R o X PE R A BT U S8 AR B A A GBI R

29 ZIRBERAA: AT EEHINFGHER LA
il

29.1 X ERFE

{Predicting Multi-step Citywide Passenger Demands Using Atention-based

Neural Networks) .

LE TR Kt EAFE R KA 2018WSDM (% +— B M %38 & 5 % 145 F
APl ) L — &40 Lo

292 #H%

BEA AT SN 2 E R ERR AT AR FHREE K. RA,
HAVRART L RE) 5T REFT RO THENE KLY AL HYERRE, Bt
A AN T BT RIEE, F 5 A R E RSB RS, AXRE T — R
B3R IRFAY 2 M AEA KR AT £ 842 ConvLSTM # 749 encoder-decoder 4E 4
FRARA LR AFIE, AR Z R LT ERX I LT REE KOG H 0, BAF
BNT EZEABRABRZ BB AN LT HITAEG R, RAVERA SR E I ITEHK
FERIFAERA, KIS R R FRA B REAT,

29.3 ®/A

ALNA S HFERAM e TEHAT) REAEL. B, ZHIREFELEY
THERGENAY, AT ELAEENT RS £ iR . A
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W2 T, AMREE RIS R R RGN M, LR DAL Z4 5L,
ok, KEWFRBA LT, T EART 69 REE KIS L AR, ARER
MR E WP T T ORER 51580 (E—3RB R B LAHLIRA)

ALHRT 5 HRFTERERAMEE (EARRETEEATL) o ZAF
A KA H AR AT () L ANH ZHREE KO0, ARQ) LT
EAE .

ALFE T — 3523000 K EAYE WA R KX % T REE KM FE A, &
MFE—HBEGLETEAANYG LT EERAZK—A 3D FRKE, FHFarei
R A Ry — 23 E KK AN, TR S encoder-decoder 442 . %ALY
B, BAMMEREREAREANKE PRIUT FAFIE, XRAFIEA BB RE LT 4
Z )y E et Al EAE . ARG, KA1F A ConvLSTM 487 £ 4698 = %ok,
MR BN I B A AT, MMENITAERMERR, LihskkeEER
2, ARPHANT EE N AA,

LF IR T

(1) EHEMN 4, LFHE—RZLT AR S H NP, 4 3fix—Fnie
%, BT — B REEANEREER, SNGTERR T AL TFEinfe
ConVLSTM 3% L8y 4m a0 B fRFDAE 42 | b8 A bR B 29 2 3ivafe LT £ 3L
I,

(2) AIINEEABRAFERINBAE T, BT UKL,

(3) Akt f QT EHBEERIIER, SR LW, X7 EAMNK
R ®IF

204 RBAELRE

AT AR RBARE Z 4 E XI5 A RAE . FrEAR LR LSRR R L
THEEHKELH 3IDKE (MER(N* M*2)) , % ¥ MMzt A MmN LTk S /o

R K, dh AR B A RBUE K
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ap Annotation of A,
7 # _/ Context representation

[ Weight vector

Hidden states

Copy Copy hidden states and cell
|::> states of last step In Encoder
as initial hidden states and

cell states in Decoder

g

Flatten Flatten

Softmax

K Annotation Tensors
Ap Ay, Ag

Encoder Decoder Attention Model

Figure 2: Overview of the Proposed Approach. The Encoder is composed of convolutional units and ConvLSTM units that
encode the input sequence into fixed dimensional representations (hidden states and memory states); The Attention Model
computes weights for salient parts (annotations) and identifies the attention information (context representation); The De-
coder leverages the attention information (context representation) from the attention model and decodes the encoded repre-
sentations from Encoder to generate future passenger demands.

4.1 overview

B 2B T 3% B 55 R A AY 2 M AR, R A encoder-decoder 1242, & 453k
EERKEGMANFD “RA7 AR ZERT, REiTXeimdtiy “Ma” , 2
ERARITEKRE

FRAIL, BRERIAEA — O ZAE, KTHAREEWLTEEA
A B IRAE e MBS o Blde, Mgk ok TAE A 6938 it B E KERRS, AT
RO E KA RAR AT HAEAPAAE, KA D LF KKZHAT k-means R £, W
U AR KAMRERE RKERARERE, AL, AMNARNZEHERNE
XEARERFANE T —F O E RN, X R —FF 3769 2K

4.2 £ F CNN+ConvLSTM #3452 encoder

Encoder #r A& AT N AN 8] B89 =4 tensor. A 2 7 %, encoder &4 H 52 7L
A2 & T AmAS Conv & A A~ ConvLSTM &, 7 ConvLSTM £ &%y 4 A hidden
state 4= cell state, %K A5 44E A4 decoder &9 #1745 K S 4E A dr N

43z ENBER
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r

Figure 4: Structure of Attention Model

EENBRBIEZSARY, F—F, AAHKHER L2 KANBEARKEHE
WERKEA QHKE) , PATLRIWIFERE (X KMREKRERZRAZ K
MREFC) o RBHZME DL —AABE CNN RIAIFIEIT 5] (b2 = 47K
). H=F, RBRRZT @&, ¥ afe_L—F encoder % #9 hidden state & -F flatten
BEMNE % B EREY, il —ANE—{La, B KA a&id softmax &5 47 2] )z
— R T, KR E A E KA a Lk, F2]RA&S 6 Zt. (A AX 3k E
AKNa#RZERE, REMEA 46, BH KAMRE, st KN4
REW RAZE S A AREGERAT IR LS, BPTEIRLHG 2L, ZAHARRA=Z
HeIKE).

Bt AR N X T
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4 = f(W2H?  +Wyag +b), Vke[1,K] (6)
sir = f(WSRE,), Vk € [1,K] (7)
exp(sy,)

i = g Yk € [I,K} (8)
TBK exp(s)

K
g§= Z A 1A (9)
k=1

where f is an activation function that could be ReLU or tanh. The
context representation z; is then fed into decoder.

4.4 decoder 29
Decoder &% N\ BP 4 TN &9 B ANBE 18] 3, AANBE 18] 37 AR 2 = 4k tensor. Encoder

] 4% 89 hidden state #= cell state 4 %9 decoder #9 #7145 :1% 7 initial state. 53 4ME &
B & aa ks Zt 4.2 decoder 4 a9%r it . ConvLSTM 2R 893+ F 8] 40 T

;fzg(wf-‘ * I | + W7, « Hf | +b7)
ff =a(W; *I""’ W"}*H‘" 1-{-bj§)
of = o(Wy *IEL+WB * Hf _; +b)

Ci = ff oC{_y +ij otanh(Wi, + I/ | + Wy = H[ | +bc)

R ranh(Ce)

Himd HBHZ2EHmA Conv BF R A&t
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Decoder

Decoder s &AREARI DA T ¥ R A ARG, sLAMBFAYE R L5 ARBIIRE
B 4] 35 % 3 P 3R 6 1L A2

29.5 e

ThRW T LR A EMNFRY, HETRLSZHRBRNGEAL, 2R-H
BELEMBTREBEIGERLE, TRA LT EAREL,

30 XBHAAE(26): TrajGRU MR MM-— AL £
Fa— A3 6L R
301 XERFE

{Deep Learning for Precipitation Nowcasting: A Benchmark and A New

Model) .

FATHE 0 B I — o T KB TR 8 o
302 #%

ConvLSTM #% A 4k JiF BF /2 48 B FN) 77 A6 T4 09 7ok, X R IRE S )4
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AAEMBREREX—PFMEHE KBS, Am, AT ConvLSTM &94L Rl & 49 K A1k )3
M AL E LAY (location-invariant) , m B AZF)fe T Rk(FImrest)ilF A2 5T
e é4 (location variant). stsb, w1 T TR S 3] 6 M KIE L AR A — AN S54RI,
W A E S AR T R AT B, AR T — AP AT Y TR K U FRARAR A e —
AR, BAREGL, KXABAT ConvLSTM F4=8 1 T Trajectory GRU (TrajGRU)#
A, ZEATATHARABFREEFIETEETGLEN, I, LFLRET
—AEE, AFORERAFEBRLEN—NAFHRGXBKBEE, —HH
training loss = —AMR i K R A %A= 1746 & & £ state of the art 8942 & 1745 77 &

30.3 @A

MeKls MR R A A R F LB E 1, I FRNEE, LE5B8ER AR
(NWP)AE AL 2t By 3R b [X % 7K 3% 5 2 4T AT AT 18] (= 0-6 +)~ B ) AR A9 [2] A2

L FEEH 69 ConvLSTM AR A E fl K ARLEMY & T LSTM, £ R %9
ConvLSTM B A Z4F et =Mk ae /1, MAFES THRASER, Rm, K
FREINTEEME T FIEROYS, THEBLLAH R TREZL,

Bk, REFIBAAEOS 97T AT R4 IR E AT, R
r& 0.5mm/h (6@ £ A T eI L ARBERF S B TAEERBALARERT
23t R F AT AL AR R R KRB IR E R F4L T HIN G 42, L4E 0.5mm/h 15
{E(ETRAE T M) TR LAKRIA Lo Bk ft ., F5EE, MoRIELL IR
BOGREF DL TSR, ST MR U R R A6 E 2L T,

Hok, /K ConvLSTM ¥ 1& R &g KA )2 2 M A KT A XM 7 @ T 42
#4345 M) FC-LSTM, 12¢ RRRAMEY, TH K # T H, 3 Faitiasins
BAHEKN, RE DAL E Febf B A FREELEMG AT MELEN AR Bk, &
FAAETRTREABRATEMNZELTE X R OEPRMKA . ZAT894F 2K E L
Fo—ANid )3 A 22 W 2 (RNN) 69 i i AR AE TS A NG E /ML E T2 Tk i
FEANEL, e KRR S BIRIE R . Am, BB IES MRS RE R
— BRI TS
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B AP, AV LR B KNG IR 4G A A AT AR A R AR R X AN R AL

TG EE, KMNEZT HKO-7 KHBEE, ZHIEE 5 2009 F £ 2015 F
HAEMLGERADEIE, A TEFLEDREAALEG TP AELEN, RBBITR
B, HRlE R AT OOCR AKX F T E ke SE g #HE R, Ak, &K
YA AR R K P AR BT A AN K P B B R AR AR A — AN Bl A O AT A F A
R E, ARE T RN N LR IEA KT ) R K AR 588
B — AP R M d BT K Ea 0 & B -8, B E 5 K9 H ol
Y RAE, A FERGI R K, B, &KL T-FH¥ %k £ Balanced
Mean Squared Error (B-MSE)#=-F 7 -F 34 4¢3} ix £ Balanced Mean Absolute Error (B-
MAE)Z B T )| SAeit 4509 & & 7 ik, & HE MSE f= MAE 8 4 3 T 4915 & 5
BT RSO E, EREAW, AZERERMAT, MRBIGFHESLRAE L
R AT TR GG AR RE . SLI, MK E, NEHFHMRBHAE
XEZGREF IR, UERSHEDRERARE LT RFRIFMAE.

stFAGAEA, RARE T Hig 1451803 T (TrajGRU)R A, iz A2 AL A ) F
W25 RSB ATH RS B RS 09:E 24 HMH, TrajGRU A5G & — 3] ik
RRARE, BrbiEiE L4 E 2 69 Convolutional GRU (ConvGRU) £ R &, £ %
%W, TrajGRU #91E A8 £ — A4 mi 89 Moving MNIST++#( 4% % 4= HKO-7 (4% %
#£.-F ConvGRU, Dynamic Filter Network (DFN), VA% 2D #= 3D £ ARA4Y 42 M %4,

AR RER, WXT R, NAERK B AR, EANFCAMRBBATT )
ZOYIRAE, BRIRRE-AKRBGERIGEEABREE, FREW()ITAGRES ]
BAVEAR T A T RAGEA, (2)TrajGRU A FT A IR B 5 A A b 2R 58 K 4F; (3)
KR ESBAE, EAEKIZETRKGRAISER T ES X XETMRGRR, #
BAV Hn, X A4S KIE L FIR A F—ANREF IR GG 22 5Kk, LI,
B T KIS 2 TR T AR VR A — NALIRFUAR P AL, & ATT8Y TAE 5 — R 4RBE T iE 48
Wy, JEMIELRS ) TR A SR LA 8 TALA AR

304 HBA
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BEATF, £MNBETHEKELRRGHALE, BANET AR A 6GEA
encoding-forecasting 4. A5, &AM T ConvGRU A, & E T #7149
TrajGRU # A&l ,

4.1 encoding-forecasting £ 4

HEAVE A T 5 ConvLSTM ey KX, FARGE T, AT j AL

Mz Ko

We adopt a similar formulation of the precipitation nowcasting problem as in [23]. Assume that the
radar echo maps form a spatiotemporal sequence (Zy,25,...). Ata given timestamp t, our model gen-

erates the most likely /{-step predictions, I” I, L, 2, If K, based on the previous J observations
including the currentone: 7, _ 7.1, 7, j42,..., I; Our encoding-forecasting network first encodes

A L9 encoding-forecasting 25449 & K A MMA s AN 2] N & RNN #, 32 N A
RNN state:

%gatha" -y ? = h(It—J—{—llal.t—J-{—Q:'"3It):
ARG A TR mAITE RS, ARG IP—A N &9 RNN F 2538 B A :
it+l:i't+23 s :i't+K = Q(H%: th - aH?)

B 1ETRT RS, P, n=3,1=2,K=2. EMNAEAZRLZRENT
TR A% E A= R A Z downsample and upsample, X 2 & 2 i@ i A tride 7 K 49
convolution % #24= deconvolution A & A2k 55 IAG . M K 26 697 5 A fE], <R
A= Wk high-level state At %% Hhde & & a9 it = R A8, A m 45 -FIKIKE low-level
state &9 . #7. 4, low-level state 3t — 7 Z e M, X AP LEM L Z AT AY
ConvLSTM £ #) £ 432 (ConvLSTM Ff % A R e 44| M 2%), ] A &A1 T A8 &
W L mAENE NG RNN &, @~ F % skip-connection sk R &K EAZ &0 FEIXAT
— AN A, RBHRERE, LT ARFALAT LA 4947 22 F &k KA
RNN, 4= ConvGRU 2 & A11#7 4% i 49 TrajGRU.
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Encoder Forecaster

[ BNN  —>» RNN > BNN > RNN |
Ly

| Downsample | [ Downsample | | Upsample | | Ups:mpie |

| AW > AW >  RW | R:N |

| Downsample | | Downsample | | Upsinpla | [ psampie |

| RﬁN > RNN  —>» BNN  [—> R:N |

| Comr;ution | | convoution | | Convoltion | [ Convolution |
L.G L.G Ky T

Figure 1: Example of the encoding-forecasting structure used
in the paper. In the figure, we use three RNNs to predict two

future frames Ig, I given the two input frames /1, [2. The spatial
coordinates (& are concatenated to the input frame to ensure the
network knows the observations are from different locations. The
RNNSs can be either ConvGRU or TrajGRU. Zeros are fed as input
to the RNN if the input link is missing.

4.2 Convolutional GRU

ALK R &9 ConvGRU #9 £ &3t H N Ko T

The main formulas of the ConvGRU used in this paper are given as follows:

Zt == J(sz * Xt =+ th * Ht—l}:

Rt =0(War % Xy + Why x Hi1), M

Hi = f(Waen x X + Ri 0 (Wha * Hi—1)),

H-,f == (1 — Z-,f) O,Ht + Zt 0%5_1.
The bias terms are omitted for notational simplicity. ‘*" is the convolution operation and ‘o’ is the
Hadamard product. Here, H¢, R¢, Z¢, Hj € RE»*H>*W are the memory state, reset gate, update gate,
and new information, respectively. X; € R *#>W ig the input and f is the activation, which is
chosen to be leaky ReLU with negative slope equals to 0.2 [18] througout the paper. H, W are the
height and width of the state and input tensors and C,, C; are the channel sizes of the state and input
tensors, respectively. Every time a new input arrives, the reset gate will control whether to clear the

previous state and the update gate will control how much the new information will be written to the
state.

4.3 Trajectory GRU

LA T IR Z A8 KB, ConvGRU 3 H H 4 ConvRNNSs < 69 R 2 & T A
{2 B 692 5 fe AR R B R 6, BAREHEA K EZFMAT A — Mz ERT Y
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B, WwERMAAAO, THEINARAL AMTAE—ANFLZEG, |t
%, EERBRIKRS T HEIA, R T:

reset gates are all one, we could rewrite the computation process of the new information at a specific

location (z, j) at timestamp ¢, i.e, H; . ; ;, as follows:
IV
Ha’f.:,a.j — f(wthDncat“Hf_l‘;.qu | (p= Q) = Mh}))) = f( Z W;‘Lth_l-:vPLi,j-QE,i.j ) (2)
=1

Here, ./\f:‘d,, is the ordered neighborhood set at location (i, j) defined by the hyperparameters of the

state-to-state convolution such as kernel size, dilation and padding [30]. (p; ;. jo4Li;) is the lth
neighborhood location of position (4, j). The concat(-) function concatenates the inner vectors in the
set and Wy, is the matrix representation of the state-to-state convolution weights.

LEBRWBAKBZT, AARESNTITAEZERERT., R, KFHE
A XA T RE 092 B A AR BARIRE , Plde, #EAERESZEIKGIE 7 H
TR AEMRS. Bk, £HROMERERLTEE TG ERELH location-

variant connection structure:

L
,H;,:,i,j = f(z Wf&hHi—l.isz,z‘.j (6).q1,4,; (9)): 3)

=1

where L is the total number of local links, (p;; j(€). g, ;(0)) is the Ith neighborhood parameterized
by 6.

EFob, SA14RE T TrajGRU, A& A L ATH Ao AAT 894k 45 72 AN 0T 1) 3K
MR AR b T BASR B, R, KA —aiE
AR RETEAN “484R7 o TrajGRU 89 £ &/ X4 T !
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U, Vi =’Y(Xt:Htfl)a

L
Zy=0(Wao * X+ Y Wh, # warp(He_1,Us 1, Vi),
=1
L

Re = (War x Xy + Z W,flr s« warp(He—1,Us 1, Ve 1)), 4
J=1
L
H; = f(wrh * Xy + R o (Z W}ih * Warp(?'{—tflsuhh Vt.\i))):
=1
Hi=(1—2)oHi+ Zi0Hi 1.

Here, L is the total number of allowed links. Uy, V; € REXH>XW are the flow fields that store the
local connection structure generated by the structure generating network «. The W}m j wa, W}I h
are the weights for projecting the channels, which are implemented by 1 x 1 convolutions. The
warp(H,_1,U, 1, Vi) function selects the positions pointed out by U4, ;,V,; from H,_; via the
bilinear sampling kernel [10} 9]. If we denote M = warp(Z, U, V) where M,Z € REXH>*W and
U,V € RIX*W we have:

H W
Meij =3 Temnmax(0,1—|i+Vi;—m)max(0,1-|j+Us;—nl). )

m=1n=1

AP LEMGR R, EMNTIAF ] FRGEZEEINETF I AR Y. RN
KWy F RiE 420 Xt Ao Ht—1 4F A fir N A= B ' £ one-hidden-layer &) & 474Y & 9
2 (556 & kernel size A= 32 /™ filter) o B b, v RA V8 5 35 38 Ao JUF LA A&
Awg AT E . 5 KXK state-to-state £ #2149 ConvGRU #att, W F L<K2(K %),
TrajGRU #t 4552 5] 3] & A s 89 i% #4549, 37 F ConvGRU #= TrajGRU, #2 A A4 8%
& W state-to-state 49 A K k2, *FF ConvGRU #= TrajGRU 45 7 :

O(L x C?) for TraleiU and O(K? x C7) for ConvGRU.

4o L A= K2(K 7)48E, TrajGRU & %3 4 & 4.7 vA/]»F ConvGRU,
TrajGRU 2 &I §8. 4% & A e fd Bl iX 2 A%, ConvGRU #= TrajGRU 49 75 3R % 4% 45 44
B4 B 2 BT
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Hi Ha Hs Hy
g 4 4 $
X A A3 Xy

(a) For convolutional RNN, the recurrent
connections are fixed over time.
H, Hs Hs Hy

X pLe} & Ay

(b) For trajectory RNN, the recurrent con-
nections are dynamically determined.

Figure 2: Comparison of the connection
structures of convolutional RNN and tra-
jectory RNN. Links with the same color
share the same transition weights. (Best
viewed in color)

R, AAARAECNNFAERAT Ry ER Ry REMREHE., R, HE
@ Active Convolution Unit (ACU) % iz T B 4% 4m 3k, the need for location-variant
filters is limited. #1149 TrajGRU %/ T#L3R, K ¥ location-variant filters *+ T 4t 32
RHEFZHEXERXRE R, I, KM ELSRIEIREZGLEN, FNKT ARK
O, MR RFREREERZA 9

30.5 Experiments on MovingMNIST++
B REA 2B

30.6 M@ E MM 4 —A#7 8 benchmark
30.7 HKO-7 Dataset

AR R A B R LS $244E49 2009 F 5] 2015 4@ E 2k B4R, B AL
480*480 49 & Z B, 812 R A FI%. 50 X A F3¥4E. 131 X A FaX.
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IR R XN dBZ EEANEARSE (BXRLRNER) | AEED
255 x LCEH0 4 0.5| FEET (0, 255) ZIEERMEIEN png B, IXFEER T RS0 ISAIIAS
RESANEN, REMEWSIR, EREZIPXNTELREE I EESSRRDE.

RarE— IR X EZNRIET Z-R XERE dBZ FIfE/KER (BE mm/h) ZiEJEEHE:
dBZ = 10loga + 10blog R,a = 58.53,b = 1.56, a, biETMERIFIE.

R2EFTHBERFRRAERBE A

Table 2: Rain rate statistics in the HKO-7 benchmark.

Rain Rate (mm/h)

Proportion (%)

Rainfall Level

0<

G =
ol o B B I
[FARPANFAN FAY Fa

B R ERRER

< 0.5
<2
<5
< 10
< 30

90.25
4.38
2.46
1.35
1.14
0.42

No / Hardly noticeable
Light

Light to moderate
Moderate

Moderate to heavy
Rainstorm warning

30.8 EH*

MiAE R E g AR RIR, WA FARIET AR A A KRS 3 RiE #7 d I ag et
B Ko BAVEITFE T ZPREAMIRE (L) B XIRE, HEIELZILE WER R
N, AT 20 ML, QAKX E, HERERBKKEA SR K, FHEE—ANH
FAB, RATTM 20 M. AT RAM R P A R Lo E . MEXIRARIEABLAL
FeBXALIZ B P X ABR 69 5 7, AR BEAT AT A9 EbEL
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BRFEKESHAES, AEARYRSEEENFMEL, Frll A7 —MISREEE HiTlg (X
RMERPBAVE MSEF] MAE ZH]) .

1, <2

2, 2<z<5b
w(z)=4(5 5<z<10

10, 10 <z < 30

30, z>30

EHRTEEL, BTULENEN, BFRATSERSREFEARES, (P RADRIEEAREE
=, 1B mask 25, REERSIEFLSSIGHITE, EILENURESH TR pno AFIEN
mask FERS .

RUNHIER: S —KERIISE A = ST e § = Zaloneon

N AERTEHS
FGEERS:

Dy (z) = /(@ — 978 (= — joy*
RS EIEEAT 1+ 30 FUGEEE 0, 71] ZENEEE, HEEE— 1 EEHEEENEE, $—

TENTER—EBHR, BAFERE, SENEXRREARWEELIMIKE, EANEASREXE
B ETA. RRfUEERNE:

309 B%

AARLF, RMNRET ERELARGF —DNRARLE, HRET A6
BLA 5 ) IR EAR LA AL /) 89 TrajGRU A, &A1 2429 TrajGRU tt ConvGRU
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Fig. 2 Spatial distribution of aggregated FFBS demand in Shanghai city
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Table 1 Descriptive statistics of variables

Variables Description Minimum Maximum Mean Standard deviation
FFBS trips 15/20/30 min number of trips in each grid cell during the predicted time interval 0 395 14.52 30.79
0 515 19.06 40.31
0 718 28.11 59.24
temperature hourly average temperature during the time interval, °C 17.6 38.3 29471 2.814
precipitation hourly average precipitation during the time interval, mm 0 487 0.077 1.143
wind speed hourly average wind speed during the time interval, m/s 0 13.9 3.124 1.929
visibility hourly average visibility during the time interval, m 132 35,000 23,943 8549
humidity hourly average humidity during the time interval, % 26 98 72.548 14.796
pressure hourly average pressure during the time interval, hPa 1000 1010.2 1005.22 2.091
S0 hourly AQI of SO2 during the time interval 3 10 4.07 1.165
NO2 hourly AQI of NO3 during the time interval 4 39 11.617 6.505
cO hourly AQI of CO during the time interval ] 14 7.169 1.326
O3 hourly AQI of O3 during the time interval 3 109 23.27 14.701
PM 10 hourly AQI of PM 10 during the time interval 9 80 34.75 13.05
PM 25 hourly AQI of PM 2.5 during the time interval 8 74 27.341 12.093
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Fig. 3 Hybrid deep learning framework for short-term FFBS demand prediction
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Fig. 9 Comparison of the ground truth (T) and predicted FFBS demand (P) for 30 min prediction task
Table 4 Comparison of different methods for short-term FFBS demand prediction
Models Time interval
15 min 20 min 30 min
MS3E MAE MAPE'H, % MSE MAE MAPE™M, % MSE MAE M APE'H, %,
HDL-net 40.502 3.025 20.843 175.17 6.285 15.82 278.198 7.649 12.841
CNN 81.931 4.153 38.537 258.959  6.798 33.493 391.433 12.217 27.903
LST™ T2.778 4.13 27.133 206.566 6.366 24 586 209.713 9.798 19.121
ANN 84.762 3.867 28.367 221.007 6789 27.294 356,572 10.484 22,786
GBRT 68.162 3.864 26.864 185.631 6.341 22419 252421 8.758 15.182
ARIMA 158.933 5087 40.798 262982 7.723 31.609 443.694 14,002 27.721
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Fig. 1 Cell phone tracking algorithm modules and the operational process
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{Spatiotemporal Recurrent Convolutional Networks for Traffic Prediction in

Transportation Networks) o
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Figure 2. Grid-based transportation network segmentation process: (a) A transportation network

without traffic information; (b) the speed of each link is mapped and colored in the network; (c) the
speed of each link is normalized and greyed in the network.

Step2: 4 A —AN D RAAX] 9 ZGE M %, FMAEES KN4 0.0001° X
0.0001° , EEAT%4%E, AT, 0.0001° 4XKE 10 k. X5 HRGEANFAAX
F—A2E]X B

Step3: H-FH R E B4R HAE . G RRMEEREN 0,4 R Z A BELF

—/ANRH, AZFCAT AT 3R E o B AR 69 R4 (Be B 3c BT w), R R )T —
2] (0,1) X 18] A (2= B 2¢ PT).

o
o
o

30km/h 30km/h | _{— 0
= "3

| 30 2020130
0

30 0

%

e
o
N
N,
L~
8

0

o
o
o
o

0
0 20\g00000

23 g 20/ 0|0
0| 0|00 | 20728020

(a) (b) (c)

[™—)
/]
STeHg (8

Figure 3. Traffic speed representation in a small-scale transportation network: (a) two links with
different speeds in a transportation network; (b) the network is divided into several grids (the size of
each grid is approximately 10 m x 10 m); (c) the speed of each link is mapped to each grid.
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Figure 4. Convolutions for capturing near and far dependencies: (a) the original transportation
network; (b) the transformed network with the first convolution; (c) the transformed network with the
second convolution; (d) the transformed network with the third convolution.
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Figure 6. LSTM NN architecture.
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Table 2. Comparison of different methods in terms of short-term prediction.

H"--—-.__‘_h_h Time Steps 2 min 4 min 6 min Average Error
A}guﬁt}u;“'“a,_q_x MAPE REMSE MAPE RMSE MAPE RMSE MAPE RMSE
SRCNs 0.1269 4.9258 0.1271 5.0124 01272 5.0612 0.1270 4.9998
LSTMs 0.1630 6.1521 0.1731 6.8721 0.1781 7.0016 0.1714 6.7527
SAEs 0.1591 6.2319 0.1718 6.8737 0.1742 7.2602 0.1684 6.7886
DCNNs 0.1622 6.6509 0.1724 6.8516 0.1775 7.2845 0.1707 6.9290
SVM 0.1803 7.6036 0.2016 8.0132 0.2123 8.2346 0.1984 7.9505
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