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(a) Inflow and outflow (b) Measurement of flows

Figure 1: Crowd flows in a region

ARSI P AR R (Sl A (3] HEAFCANAMR, B 1 (a) Fros. BEAGURELESS E I ] [X
[A] Y REN — A DX A8 R R . A H R — B Ta) P A —A> X3 H A0 B i AR T A
il AR RE L. e B XSRS AN S IE E 12 . BEAFUASM AT Bl i
BEHAT NBIECH IR E - AR A AT k. B 1) G 7 A, JA TR AR T
FUE S RAETHT AREH , R r2 BIBEANRAMSME R 02 3 A0 1o RN, A0 22401 GPS B,
BEANFLANGM L9000 0 A 3. (AL, S IRRUEEA RSN L0l 3 AT 4. AR, TSI IR i)

" Jfi3: Zhang J, Zheng Y, Qi D, et al. Predicting Citywide Crowd Flows Using Deep Spatio—Temporal Residual
Networks[J]. arXiv preprint arXiv:1701. 02543, 2017.



A LA o — NI S J00 i i 2]
R 4] s F 2 VIRZ M, JF HAGIE R AT i M AN L& e (AD HR—H.
R X L35 AR IS Y B 2 Bt — R 22 S AR L, QAR R, S A, A,
REd, fhe, 25, AL EIE[2]. REPIFLRAIR EEARL 2% 2% 18 1 570 2 8] i i 8] Ja 1 -
D) BRI RLE (CNNs) BB (B 4544 2) 3 IAFIM4E (RNNs) 5 B [AKAIOR & o (HAAKGIX L
AT BARIE A B 2 T ) A5 SR BAT ROk, X B Ry i Bk S A
L A i o
AR W 1 () B, X3 r2 MRS BAR B X HR CELdn v1D) AR . [FIAE,
r2 FIAMH ISR AR B XA CEEan r3). X3k 2 B4 H AL TR AR A 2 RO A B iR Ah e A
AL . AT R 2 52 I X SR SIS . B, AR I AR 1 N IE A
PREE R AR BHE, BRI AL AR B R I o DA E L o
2. I TR o
R, — A X R S il — B TR IS TR, BRI AL (AL AR (1 X 3. i, BB
8 MINAS I 2 B b 9 ARGl . R, AR R 4 fOESERE SVER M 4 58
A B 2R AL o
FARIR . TAE H AR 5 b e ] 1) (22 il i 2R A
RGBT . AR L e e R [B) EEHEIR o RO TR, ORFRTHE I, AATERHIIE .
3. SMBEEE M. —LEAMREER, AR IR S FF RSS2 M AN [ XK 28 i . ]
an, B RS, 2 M X i .
R EIR B, BATI 2R vt — PR AP 2 R 45, 3R 1IN 285 22 R 2% (ST-ResNet )
AN WL TN T A DX A RE IR AN A . FRATTH STk A 4 DA AN T
® ST-ResNet F:THAATEMILE, AR Ab A A Ak A 79 > X 3 2 ) B0 2 TR AR, [ I 0 £
TR 1 T RS 32 AN 32 44 22 A 4% DR 2 S5 K 52 T
® RALE S A E AN AR R 3 2R IR, FHRIATE S . ST-ResNet f AN
P 72 40 222 ) 4 SRS AN [ e 1
® ST-ResNet FNERAHIRAFEMEE A, AR XEIRF AR GBUE, RadiRit—»L
SAMBBRIER A ARt R0,
® FATA AL E AL PUB B AR A, AR AR BAT AR L T BRATS, 4
RARH, HXT Al 9 MOUE, BATRIINEE RGNS
® LT ST-ResNet, FATHEE 1 — DL AIAERE RN RS XD RGET =8 GPU ik
A%, PRAt T AR KM RIS T .
ANHTHLAGE T 26— FHAA 1 S I E P ] R A S A & 5 = KA IR 1 R ST
AHES . VU E A 75T DN PR . B8 s 7SI as R, BoNE RS TR TR,
s TS ER TR AR B, BIEE 7 NETETENARS, %AW
M FH HH R 2R A 0 U £ BH T AR ) — A XS Al i i, o 1 ST-ResNet ACPESCER ) 2 1 fE
BEEmAATIERTZPFEMSEI. KR, FATK ST-ResNet —3 BTN &R 1 28 10, e A% T30
ARKERKHAGERE (W5 4.4 k). =, IAUL 7 EFEHILL, &7 ST-ResNet HIH R
VERI S 1) SEZHINEE TR (. =R ISR S AR 2% ), I 5. 2 TR 1)
M7 ST-ResNet L HIMZRLEH (B 5.3 Fifirid); 1ii) MG 7 2B FMAISLR: (55 5.5 %5, 5
W, BAMRR TEZMMRITAE (556 %), Mk 7 HATH LIS RATEN TERN AR SRR, XE
1y o B BATH) TAEAE AT AL X E AL

2. IR
AT o a7 B A [m] A A i R T A R (3], $RE A IR ZE M 2% [5]
2. 1 BT ) A 2 e X
SET (XHK[3]D . MRIEAFHIRLEEANTE S, [XIHAT AT 2 € 3o AR 0 T X J AR



My BN R — AN XK, WK 2 (a) FTw.
Sk

|
| Office
[ Area

| §
" Residential 71 |

Area |
| il

T S N

||

(a) Map segmentation (b) Inflow matrix
Figure 2: Regions in Beijing: (a) Grid-based map segmentation; (b) inflows in every region of Beijing
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Figure 3: System Framework
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Table 1: The Azure resources used for our system

Azure Service Configuration Price

App Service Standard, 4 cores, 7GB memory $0.400/hour
Virtual Machine A2 standard, 2 cores, 3.5 GB memory $0.120/hour

Redis Cache P1 premium, 6GB $0.555/hour
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Figure 4: Web user interface of UrbanFlow
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Figure 5: ST-ResNet architecture. Conv: Convolution; ResUnit: Residual Unit; FC: Fully-connected.
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Figure 6: Convolution and residual unit
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(a) narrow convolution (b) same convolution

Figure 7: Narrow and same types of convolution. The filter has size 3 X 3.
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Figure 8: Effects of holidays and weather in Office Area of Beijing (the region is shown in Figure .
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Figure 9: Temporal dependencies (Office Area and Residential Area are shown in Figure 2(a)).
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Algorithm 1: Training of ST-ResNet

Input: Historical observations: {Xy,---,X,_1};
external features: {Ey,---, E,_1};
lengths of closeness, period, trend sequences: ., [, [;
peroid: p; trend span: q.

Output: ST-ResNet model M.

J construct training instances

1 D10
2 for all available time interval (1 <t <n-1)do
3 8= [Xf‘“{‘:i Xru{IL.——l)a vor, Xpq]
4 Sp = [Xfufp-pa Xr—(:’p-—l)-pv Ty Xf—p]
5 ‘Sq = [Xr—i’q-qa Xr—-{x’q—l}-qa R Xr—z;]
J X, is the target at time t
6 put an training instance ({S., S,, Sy, E;}, X;) into D

J train the model
7 initialize the parameters 6
8 repeat
9 randomly select a batch of instances ), from D
10 find # by minimizing the objective @ with D,
11 until stopping criteria is met
12 output the learned ST-ResNet model M

Algorithm 2: Multi-step Ahead Prediction Using ST-ResNet

Input: Learned ST-ResNet model: M;
number of look-ahead steps: k;
historical observations: {Xg, -, X,_1};
external features: {E,, - -, E, .1}
lengths of closeness, period, trend sequences: [, [,,1,;
peroid: p; trend span: gq.

X — {XO'& it XJ?—[}//(E.-B" Xf = Xh Vf)

fort=nton+k—1do

S, = [XI—“IE’XF—UF—I); wo, Krogl

Sp = [Xf—Ip-p, Xr~(f_,,—])-p; e -;Xr—p]

Sq = [Xf—-fq-qa X?—*([q—‘l)-qa Sl Xr—-q]

6 X, — M., Sp. Sy, Er)

7 put i, into X, i.e., X; = X,

T o W N =

8 output {X,,, -, Xpape1]
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Table 2: Datasets (holidays include adjacent weekends).

Dataset TaxiB] BikeNYC
Data type Taxi GPS Bike rent
Location Beijing New York

7/1/2013 - 10/30/2013
3/1/2014 - 6/30/2014  4/1/2014 - 9/30/2014

i 3/1/2015 - 6/30/2015
11/1/2015 - 4/10/2016
Time interval 30 minutes 1 hour
Gird map size (32, 32) (16, 8)
Trajectory data
Average sampling rate (s) ~ 60 \
# taxis/bikes 34,000+ 6.800+
# available time interval 22,459 4,392
External factors (holidays and meteorology)
# holidays 41 20
Weather conditions 16 types (e.g., Sunny. Rainy) \
Temperature / °C [-24.6,41.0] \
Wind speed / mph [0,48.6] \

TaxiBJ: bR EdE (M ZESUEEER) MRS AT BRI B 20134E6 H 1 H
201348 H30H, 20144FE5 H 1 H&E 201446 A 30 H, 201545 H 1 HZE 2015 4F 6
H 30 H, 2015 4F 12 H 1 HZ 2016 £ 4 A 10 H. RiEE X 2, HAVREHFEEIKAZE
e WATERERE 4 NEEIEENRE, Fra HAAmEdE1E vl gaE.

BikeNYC: AL KM EIR R A AL HITEZRSG, WHABEE N 201444 A 1 HF 9 A 30 H.
— B RE: RATHSR]. gl A ARG S ID UG (AU RN g5 AR ] . X LeE i R,
e Ja 10 REPVEARENIREE, HAWEIRE N2 .

SHAEE . FATE ST-ResNet 5 O FT e 7 EEHERT HLAL:

HA: JE GV SR06E RS 8] X (R BT A D3 S AR AN A IR PR & . Bln: B — B4 9 A%
B9 g, NRATE P SRR RTA A AR 9 B9 R

ARIMA: H RV (ARIMA) 2 —> 35 44 i P Ast ] o 471 AR 7R

SARIMA: Z=i% ARIMA. 7E ARIMA I, SARIMA IS5 FE T 250, GEO8 R 22 ) i (A 4R
R

VAR: A5 H [F1H (VAR) & — NS HE I S0, GRS HHE I LS 1 2 TR R &R
HE T RIS, R R.

ST-ANN: FhERZS (] (JEE 8 AN XIRAME) AEFE] (AT 8 AMIFRIIX[A]) FHFIE, ZRERAAN T
A

DeepST[3]: —AMEFXHiF 25 $eds IR FE M2 /4% (DNND FRIAR AL, 78 28 38 I B0d P o A L
IR T BT R E

=



® RNN[17]: sJHFHZMLZE (DNN) & —FhiR B2 IR, Re e i (A4 o T At i,
RNN BEE I AT R LT H1 . FEFRATIISLLG F, FRATE MNP E N (3, 6, 12, 24,
48, 336} Hfl—A. BIY FEAK Ry 48 HINFA] X [a] A 30 434f i, N5 40 FrR I ] 44 st
M1 K. Rk, B 755 RNN A8 F, f1H5: RNN-3, RNN-6, RNN-12, RNN-24, RNN-48 £ RNN-
336,
® LSTM[18]: KJHiCiZHICMLE (LSTM) & —FPREERIT RNN, FEf52% ST [a] (O (R Ak . 5
RNN i BEAHIE, AT T 6 B LSTM A=A s, Bl: LSTM-3, LSTM-6, LSTM-12, LSTM-24,
LSTM-48 F11 LSTM-336.
® GRU[19]: [T3BIHBATLINLE, J&—FPEri RNN, R8I HE K i (A (R I A AR, 5 RNN % B AH
[, LR 6 F GRU A8 M 6 b 7775 GRU-3, GRU-6, GRU-12, GRU-24, GRU-48, LA GRU-
336,
Wik, 78 ST-ResNet [, FAEF tanh 1E NEJE ISR (AR 5), HEHKH N
-1 A1, X H, FRAME R NS R AL 7 VR B s 2B -1, LVE R A EPPAL T A, FRATTHE T
B MR 20 1E 5 BE, SR G5 EAGBAT X Ee o X FAhER IR 2, FA 18 FH #4405 4w A% Cone—hot coding)
Woods (R —RIMERE, R/ TAEHD, i HMRARO A  dfm &, SR 510 H &/
— 5 R FUN AL 7 K SR A R FE 4L 21 [0, 1] X JA]
S L ANSHA Keras [20] EASHII S it AT i 4. BAREAE Convl FIFT
B HIFRZERITfEA 64 A~ 3X3 ML JEAE, Conv2 fFH 2 4> 3X3 (i yEds. #ilan, —A 4 FZEHIum
ST-ResNet & — Convl, 4 P ZE B ITLH—4 Conv2 H k. 3% 3 BT T VEAHAO UL AH - FRAT 148 FH Adam[16]
AT, REAREE KN 32, FRZEFICE B MEEYT, TaxiBJ BN 12, BikeNYC BN 4. ST-ResNet
5 NS, Hbp Mg 3 1 RA—. XT3 ANFH, BA1EN: 1ce(1,2,3,3,5), 1p
€1{1,2,3,4}, 1a€({1,2,3,4} . FMLEEE 90%PIEIRAE N INGEHE, & TH 10% 53 NI UELE o
XRE, HIGIE S HUR AR, FATIZGEE AT DURT &1L, 2 )5, AT ATA I 2R 80E )1 25 8 52 1
B (BP: 10100 %),

Table 3: Details of convolutions and residual units

layer name | output size closeness period trend

Convl 32x32 3x3,64 3x3,64 3x3,64

: 3x3,64 [ 3x3,64 3x3,64
ResUnit 1 32 x32 3)(3’{34_)(2 3% 3.64 X 2 3X164~x2

5 3x3,64 3x3,64 3x3,64
ResUnit 2 32x32 '3Xi64'xz '3X164‘x2 ’3x3ﬁ4‘x2

. 3x3,64 3x3,64 3x3,64
ResUnit 3 32X32 _3x3,64_><2 _3x3,64_xz _3><3,64_X2

3x3,64 3x3,064 3x3,04

. 9 L & ] .

ResUnit 4 32 x32 3% 3,64 X2 3% 3,64 x 2 3% 3.64 %2

Conv2 32 %32 3x3.2 - 3w3.72 33,2

R ROV PEE T2 (RUSED R PPAG AL A7 Rik: -

1
RMSEZ = ;—A;Z
Ve T

Hodr x AR 43 590 2R 7~ EAE AN B FME . Z S B A AT SRIS O BAE A H .
SEIS EEAE GPU RS es LigdT, HAME EIE 4. HAVEH T Python JE, 19345 Theanol[21]#1
Keras [20] RN ZrIRATTIRE Y ,

"N



Table 4: Experimental environment

OS Windows Server 2012 R2
Memory 256GB
CPU Intel(R) Xeon(R) CPU E5-2680 v2 @ 2.80GHz
GPU Tesla K40m
Number of GPU cards 4
CUDA version 8.0
cuDNN version 8.0
Keras version 1.1.1
Theano version 0.9.0dev

5. 2 BD TN 1 PPk

AT, TAVVHALFD T, BPAd A Dy s A s Ol [a) ¢ AL E . 3R 5 o TaxiBJ Al BikeNYC
FE 75151 RMSE. ST-ResNet #FEH AR T Fr A BIXT L 5. e, TaxiBJ FddE L4 R ST-
ResNet CF 12 NRZEFIL) L ARIMA #F 26%, LU SARIMA #F 37%, Lt VAR 4 26%, L ST-ANN 4 14%,
Et DeepST #F 7%, b RNN 4 28%%1] 64%, b LSTM 4f 18. 1%%) 45. 7%, Lt GRU 4F 17. 4%%] 46. 1%, ST-
ResNet—noExt /& ST-ResNet FJ— AR fRA, BH B REAIMNTIEZE (Flan: RAEH) . AT LE S,
ST-ResNet—noExt WgifhT ST-ResNet, FHAANIEIZR A M. DeepST KIS 25 CNNs, BH AL T HAh
XL 5. A ST-ANN I VAR A IS 2245 B UL AN RIS R, (H 2 TER L DeepST SR EL 22,
AT A R R T BT 1 B TR B DA Sl BB TR 2 o % T P e [a) 578, GRU AT LSTM 1) RMSE
AR, AHFIIAET RNN, (R4 GRU 1 LSTM &R 68 0 4 $& K i 18] 1 i [a) 4 itk o SRTi0, GRU-336 AT LSTM-
336 L& RNN-336 HITERE B 22, FIHFE T RNN A RS GE A S A A R R A0t (BRI : R 3 Ak 40D o
HNEEM, AKX, W& 10 (a) s,

Table 5: Comparisons with baselines on TaxiBJ and BikeNYC. The results of ARIMA, SARIMA, VAR and DeepST on BikeNYC are taken from

3.
RMSE
Model TaxiBJ BikeNYC
HA 57.69 21.58
ARIMA 22.78 10.07
SARIMA 26.88 10.56
VAR 22.88 9.92
ST-ANN 19.57 7.57
DeepST 18.18 7.43
RNN-3 23.42 7.73
RNN-6 23.80 7.93
RNN-12 32.21 11.36
RNN-24 38.66 12.95
RINN-48 46.41 1215
RNN-336 39.10 12.01
LSTM-3 22.90 8.04
LSTM-6 20.62 7.97
LSTM-12 23.93 8.99
LSTM-24 21.97 10.29
LSTM-48 23.02 1115
LSTM-336 31.13 10.71
GRU-3 22.63 7.40
GRU-6 20.85 7.47
GRU-12 20.46 6.94
GRU-24 20.24 11.96
GRU-48 21.37 9.65
GRU-336 31.34 12.85
ST-ResNet 16.89 (12 residual units) | 6.33 (4 residual units)
ST-ResNet-noExt 17.00 (12 residual units) \
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Figure 10: Model ranking on TaxiBJ and BikeNYC. The smaller the better,
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Figure 11: Results of different configurations
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Figure 12: Impact of network depth
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Figure 13: Impact of filter size and number.
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Figure 14: Impact of temporal closeness, period, trend
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Figure 15: Visualization of parameters
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Figure 16: Multi-step ahead prediction
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(1) M\ Redis H U s ;
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Table 6: Configuration of virtual machines and performance
Virtual Machine (Azure) A2 standard D4 standard
price $0.120/hour $0.616/hour
oS Ubuntu 14.04 Ubuntu 14.04
Memory 3.5GB 28GB
CPU 8 cores @ 2.20GHz | 2 cores @ 2.20GHz
Keras version 1.1.1 1.1.1
Theano version 0.9.0dev 0.9.0dev
Time (s)
Pulling trajectories from redis %71 1.64
Converting trajectories into flows 9.65 6.05
Predicting the crowd flows 5.9 297
Pushing results into redis 0.41 0.27
Total 18.56 10.93
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