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Abstract; The data of urban computing have distinct spatio — temporal characteristics, that is, the coupling relationship between the
similarity of time dimension and the similarity of space dimension. Therefore, the analysis and processing of spatio—temporal data has
become a hot topic that needs to be solved in urban computing. Aiming at the problem of air quality in urban pollution, the spatio—
temporal convolution residual network ( ST-ResNet) is proposed to realize prediction and early warning by analyzing air quality index
(AQI). Sub-components in ST —ResNet are composed of unitCCFs based on convolution layer connected by congruent mapping
residuals. AQI data are converted into AQI pixel maps by spatial conversion components,and their spatial characteristics are captured by
convolution operation. Meanwhile,the time tendency , periodicity and time proximity are captured by three sub—components respectively ,
and their outputs are weighted connected to obtain the ST-ResNet and output the prediction results of AQI. Finally by comparing the ST-
ResNet with the classical long short—term memory network (LSTM) , the results show that the accuracy of ST-ResNet is 7% higher than
that of LSTM, which is expected to provide theoretical basis and technical support for urban environmental monitoring and prediction and
fine management.

Key words: urban computing ; spatio-temporal data;air quality index ;convolution neural network ; residual network

YrRE HH8:2019-07-15 1&€E BH#3:2019-11-15

E&TE M 2 B IA ORI RIH (2017-R2-018) 5 B K [ SRR 34000 L3 H (61871020) 5 Jb st i & FH I & 01 H
(KZ201810016019 ) ; b5 11 Ja w85 45 o5 A P01l 1 BA 8 13- 5 (IDHT20190506 ) 5 b 52 3 K27 11 @ i A S AR b 55 3 % 101
4% B (X18013,X18197 ,X18203 )

EEEN 2 M(1996-) B W05 BF50 07 o R EE % 3] ST b o ok 3% - Rl e, B Sl i CCF 23 (A (32701M) , B
FEIT 0 R E R I R T R AR SR T S S CCF 42 51 (17484S)  BIF5 J7 1) i B 22 B rmL i 24 20 5
EAREETL AR B AT T RIS 61 W0 B9 1 KB BIe 5 0 RS B LR 2 4



%56 1 2 OMREE LTS B RER 22 W4 1) 2 A TR <125 -
0 3| = HRKAFAE . 2018 4, Huang 9 BA 4 GTWR %1

ST A ) PR T A T A 5 i) i T B 5 ) s T Sk
JoIb | 38T A T ) O (R S R e s AN A S i
APEATE Y 2013 AR 55 R RON AT B SRR 4G
TN, A E ST AU 1% ik B 5 DA 2T
Pz e, S RIE, A TS Y™ A 10
AITAE 7 AMER E L 5 F Bl A AR
Yy FNA] 0 AR ( particulate matter, PM ) ZH A%, dt 5T
W0 P R ) T2 R AR ASORL ) (B PM2.5) 35k o A
WA GBRGRY), R E SR IR R Y R
BRSNS T i s K5 4B
B A E WS 7RG TS5 BT R G TR se i
Wz STt AT AT e B, AR 000 45 51 | BURE AT LA
PO E TG G Al B 45 FF T, AN AT DA 502 75 48
FAMNEENEE

32 22 R 3R 5 ) G e A b 10 2 AR A
ELPRERME, w5, o T A R A, TR R S
AT Ity | AR T Mt 2% o5 K B B s (R 2 O
THAE KA W 4 BUAR 57 30 1 AR ok 2 S
AMUEZFN H AR R 52 38 32 3 N80 3 52,
BT HTE For W 0 3l A AR 1 25 0T St R e 4 ok (T
B ) FEL R | ) FHSCHE T 70 R 2 MR gk A7 40 T AL B ; B %k
S, % IR RNACIE A A TG R I G 7 A W A
WS DG  FEZS (B J5 T8, AN [F A 3T D e X, 28 BT i
SEAAHIE Y, A 5 Y A2 A0 R AN B 5 7 B A 8
e 7S SBTR  H  A E RE :

AR AR CHKRKR . (D) ER N ER
A I R B SR 5 2 — /N N B AQI 2 B
B2 ML 200 AQI AEAE L2 47 1Y 5 (2) AN [R5 =2 3] 2.
23 AR | R SR A7 ] L 23 RO A A TS
o IR 2 e B A ST s AR A A2 B RS

YRR EIRPRAR, $2 H A S BAR 25 4% ST -
ResNet, 4G, F] F 35 FL 44 242 W 4% ( convolution neural
network , CNN) 4 4R 25 =0 i 8 78 25 [6] 434 b A9 A G 1
F G s SR, 382 IR I 2 2 B A TR B 2 >0 T ik
TR T 2 AU 5 AT 302 8] 2Z 18] (1 52 A= i aft ¢
Fa, G AT 2257 2] AL W 25 25 4 $2 = X 4%
PegE

1 MBXI{E

FL7E 2008 4, Huang 45 A $ H 4 1isf [ 540 99 A
HbFRAINAR [0 )9 4555 ( geographically weighted regression,
GWR) , HJV 1 2 0 Bsf [18] i A% 91 15 ( geographically and
temporally weighted regression, GTWR) , LI Hfi 2 25 1]
ARV Ta) F) e B P, S48 G 02 P T o 4 K B T A 2
B RIFZE 22 191, 245 SR 3% U [ Ao A48 24 ] T B] S A v

N FH T 3 37 SR IO 2 JR BE (aerosol optical depth,
AOD) FlHs 3 PM2. 5 2 Ja] % i KBk (PM2. 5-AOD) %
BAR R GTWR 1E% A PM2. 5-AOD i X #E A
B AT LAUER TN PM2. 5 AR BUTT 52 PM2. 5 Al TH{E Y
eI o

2014 4F, Zheng A BN 14 Yk 28 45 1l 3R 1 3ok i
THE RS i mnH  F8 th 2 RS2 IR T BB I
SRy S, A R RS B AR Y S e
ZJ5 Zheng P BR ™ BT T — b 2f Wi 4fi B A ]
FHIUAT B s i 0% A 000 457 18 7 iy o 2 <o o 080 R S
S 3T 80 7 2 e AT A B SR A R, B
OGN HT A 25 AR T )RR R

Bifi 5 3 T 11 B8 1 ke RN B 2 O 1 2 R AR Ad
FH Ok B 22 Y I 25 25 B LA S S R T
RPN T I8, Yao 25 NV 4R A 25 B2 I 45
( STDN) FH T Ftil xof 3 FH 42 9 75 oK, 5305 25 T CNN il
P2 Jry F 2 [a] (9 AH AR, 38 i 4K R 39042 ™ 4% (long
short—term memory , LSTM ) 3if $2 & 351 A%y B[] 4% 51 414
VNI 507 Ak 3R B 285 5 () AR R ARk ] ] 490 A0 ARLPE 5
Guo % N 2 P A2 3 3t A s 2 A S e, 48 Hh — Tl B9
BTy et RS BRI 2% R = A 20 53 50
FIR =AY B E BRI U 04 B H R IR JE R R
AN A Rl G DA SRS R PN 5 2R s Zhang
25 NN i e NI R TN ) R AR B 2 Ak 22 ) 4%
( spatio—temporal residual networks, ST —ResNet) , i%
R = A FR 2 BN 3 3] 75 RN U 1 1Y I (] 422
ERE RN RS K =00 Sk B A RS 4 LAY
H SRR (AR T H 5 ) ) il i
IR

FEX LI T TR A i b ONN 8 32 H Tl 4
23 [Al AR , 3 J& B o CNIN 73R IS 5 22 8] B =5 4 )
RROE 7 T AT RAF M RE . A S U R
CNN Ab B3 7 rh g SR )38 SR AR, BT T R oo )
Uity 4 A B 28 I 2% 1) 3 51 1k DA o 8 B A4 v X At
S4B ARG BE LB R A N AT X R 1 % b Y
NS BEAL T B 2 CNN RIS 2544, 51 A B 80/ N AR
e CNN H 2R AL IR 26 T A E L B 3
o T L LA MGE R I

FEWT A EWE Z A 1R 22235 T IR 18 5 2 R4
P AE B 2 SR A IR ST AR TR L C R, R
IS NI AR LT B IR A5 R AT B B
AP A S IR, 2 18 B b 2 2 (8] A PR d) RN B ) ) 41
b ASEE A OGP, B — il 25 A3 BRORA 6 B R A AL I
DPLRM D5 e {37 B s 29 328 B AL P 47 14 A 1 A A A
P EBEARSE A L — o 59 AR B 1 U HE S



© 126 - HEPLH AR &R

530 &

HELLTE [ SRR It 23 FRAEAT A, R IBCH R v BCRHAE 1
& m NSRRI R RCR

2 ST-ResNet t&#Y

5 L BT 25 B R, S P SR N 2 s AR
B 2% AR BRI HEAT IS I 1 TR, S AN IR R
AT 043 DL A R 7 28 < B B PR S0 R S A
I IRL BT B . 5, A 2 ) 20 R R AR T 5, k4
AR S FE AQI, 13X HLAY AQI J2-H 46 4 LA I 119 JLAof
2RI YR e Ak B — R AR MR AR MU R K R
T, ph T M 0 A5 B S B AQI RS Ay R 8 S
W R4 2 AL e | S0 A7 46 A 1, 2B S8 B B 2 K
B AR, I AR ONN (kA K5 % = AT
F% AL, 8432 FE S TN 9 AQI &b T 1 i 391 6
R RALE 55 A IR T AQL, = F AL
BG5S B B AT 4

[ A }

Bl HEERKREMNBLEH

2.1 ZTEEEHR

23 (A GAG  E B S B S S %) A B 25 [ e 45 Ry
YA AR A ] o SCeRe b s S 0 B s —
T i R 2 2 R H W] o3 oy 3232 1 A% B4~ ™)
K& rh BT IR T AAR R B AT B AQI £ ds , A7 b o
i X Z A A% IR R %, B ALt i A =
o AQI AR A

FH R SCHTIR , 12 AQI MR 3 A5 B hy F i 50 P |, T %
IRIRZS ST AR AE 2 (B _E A AR . o T fiff ik
B/, 2% 3 T e i 4, S — b FRLA B A A
Jo e AN SRR W A5 B8R 3 A7 I S0 DX 38
M, PRIt >R FH 428 M i) 2 [ 47 {1 v ———30 B B AR

1 (inverse distance weighted interpolation,IDW) "' Fl|
FHE A B AQI {ELXS A H1 4% ¥ AQI {E BEAT 46 {EL .

F(5) = 2 Ax(S) (1)
A (1) FRNEHNLE S, B9 AQI{H y(S,) T4
A, HENE R E S, 1 AQIAE v(S,) o % IEF
AP RS AQI{E , IDW 4k 5 H 4w %) B 25 X 4 — >
2 [R]AE 2P A AT 3 B0 T AR, 4R 5 K i SE A F

A K 25 B RIA% B R [ 001 T B0, S A5 2% X
B3 AQI,
2.2 FMLEH

TG54 1) 32 1A CNN, CNIN 1R Ry 18 B 2% 2T 1)
REFF:, HA T RIEE T fe 7, R N A(E 2
TR IUR BYRAE . (S UREE CNN R 298 H F EIER
), PF B A IR T B R ke BT s s B A TA D ok
2 W22 T Uf i3 ] CNN b B 25 5 95 A9 25 18] 41
AP

e A ] E, SEE X T X R
XA AN [R] DX 23 SR 32 ARG 3l 3SR DL A5 52
M, CNN AT LAFEA 74 2R 3, A TR JZ CNN Jfi i 3 i
% (] v s 5T B B AH ELSE W) AN TG sl oh 25 S
M B4 B B 5K 25, S CONIND X625 [] 854 40 J 2 i 3R A e
Kiedr, ¥ b — 351 AQL 18 3 4 A 46
HEA B E BRI RN R 3x3 T LMK 3x3 R/
PR P A %) LA a5 o A B A B 2 AR R A —
fIE AL, KRG TR B 6% 22 1 45 BUBRE T LA 2 %
I R 18 2 R AR

TGN A R £ 1 R B2 AT LA oA 4SS A A 42 g
{H YR B2 TR B B — Ui 2 7 A5 0 32 T 2 S o K T
[F]A At 3 — B4 S fit P e A5 Sk 22 I 4%
(ResNet V2) 4k W 25 45497 ResNet V2 4544 4
2 s, i A i $E 4% 1% 4 (shortcut connections ) ]
Hrh P A G 2 R 28 T 22 ) ) R R X
YRS R F(x) SHIA « 2 H(x) KA
B2

X
identity

‘ i
i i
X ) i BN ReLU Conv BN ReLU Conv [ Yy
i i
i

! FX)=HX)+X
1

H2 HEBALH
WIZR H(x) HCINZR F (o) SRR B, ELAIA B 4234
FEORIE T FE 28 2 RO in e, s i A5 B A SE B 1
i v 5T 2 EA XY B G R A
B B Y = XU BRESER RN



26 1) 25 MREE LTI s AR 22 R 45 11 25 A T <127 -

=+ F(a, W) (2) RSP EAACERER ; X! R IR R4 LR ik
P (2) BEATIH— A, W, R A A 5 X! hg RSN EAE R 45 L
%, =% + F(BN(x,) + W) (3)  JRERERA, W, RN HA R R, AR
18 33 09 T LA ST B2 200 L AR AE 3 it %1 AQI T A -
x, =x, + LiF(BN(x[) W) (4) X = tanh(X,.) (6)

23 amE S o I P 2, T R 55 B 2 1D 1
I 3 () W as R B I s (g, oty ) PR TR BUR AL

ATV R,y WK AQL BT (T
DA A 6 AQAR AT — i S AL 4 (R ]
JE X R 46 AR ) B4 AR ] B I T B AQI f 7
AERSHRT L T3 (b) 5% 2 A ik F A A LA —
TR, o BB ARG A 08, 5 SR 9 AQL
Hyfi, TR th B (5 1) 54T A) MG T
H HCRIIEL, P 3 () Rk T — P 4 A i)
5 AQUIEL , [ o il 2 H A T A, W) AQI (A J2
BRI 202 A, S AQI 75 {0 ] B2 AT TR

500 Weekly AQI Variation Curve

(@) JH N AQI A&k ka#ih 4k (-

s AR

PURBHRER: o AR — = AR

200 Monthly Average AQI Variation Curve in One Year

180
160

_ 140
Q120
100
80

60!

1 2 3 4 5 6 7 8
Month

9 10 11 12
(b) £ 11 AQI A AL il 2k

AQI Variation Curve in One Day

AQI

0 5 10 15 20 25
O'clock

(c) KW AQI B 1k £k
H3 AQI T
25 LRk ZERT R 5 | AQI AR L A7 JE 1
SIS [ 230 8 14 52 W L 52 o 1) A AR [ PTG, 3
X = A A B A [ A A i A 7 % 4
X =W, %X + W 5 X' + W X, (5)
Horpr, X! R JE AR S L2 BRI, W,

L(0) = IIXt—X, I (7)

Horfr, 0 hrl2E2) S50,

2.4 ST-ResNet &%
ST-ResNet 533 i Y11 ik A5 A 100 32
B 1. ST-ResNet #1311 25 .

A D7 A s BT B R MR T IREE L

1, sTEIRG R p s RS HE . ¢

it . ST-ResNet ##

1 D

2 for AT MG t (1<t < n-1)do:
3 A RUEREE SRR .

TRRUT

So= (X XX, ]
AR I = AR

S - [Xt L t ([’71).]”...,)(%”}
He R A = A

S, = X XKy oK, ]

put ({S,,8,,S,},X, ) intoD
IR AAT 2 > 25 0
repeat 7 ~ 8 :
MATREEAR D T EEALIMBU N EEA D,
AL B AR s B, 2/ ML FEAS D, R BRI ZS4L 0
until SEACIAF B (E, B E RS E 0

10 output SEINZEAY ST-ResNet 57

B9k 2 . ST-ResNet #E AL [ T

i 5E ISk ST-ResNet £4S M 5 [Ty s B s $230 7 5130
e EFERFIIREE 1, 1, 1, sTRIRE . p s s ¢
T L - &

e TN Ay AQI [

1 forBtZln ~n+k-1 do:

2 R R = AR
S, = [XH’ KXy X ]
Az IR T = R

o v 9 N B

S = [X( Lpo : (1,7|)~,,""vX,7,,J
P R B = KL
? = [X/ 19 / (I,-1)-q> ’XH,}
3 WERCRH A BB M P E BN X, — M(S,.S,
S,)
4 output AQIKiMF4L {X, - ,X, ||

3 £ I§
AN LIAL BT 2017 -2018 4F 25 5k B 5 o 31



<128 - HEPLH AR &R

530 &

Bt , FEA7 B 25 45 AR 25 I 28 AR g I 2R R ik, o 5 48
HLfY LSTM FEA™ R4 T LA RN IEAd
3.1 ELHHIEFERIFE

SIS BR AL 2017-2018 AEJL st K as Ui
B K H 5 AQL, Wi Bt B[R] B oA 1 YR/, B K 24
WAL R Kis ARG ERTER =5 F L
K% IR GEIN GBS Tk AR MR
5 PR AE W s AR AR BB . BT IDW SRk X 5
o M 0 K5 Al A A A (R 7, A5 1 B o T AQL R R A
YEN ST - ResNet 15 %I () % 4 fir A, 32 56 3 F
TensorFlow HEZEHEF7FE P 15031,

3.2 ZHWPRE

(1) FikbHE,

WE 1 PR, EEZER Convl ik E B N
3x3 K/ 64 JZUEPE, B Hh 25 SHAS Ol 3232 B
5% 2% B0 (ResUnit 1---ResUnit L ) Hi B~ A AY
FEANFR 22 BT A s HE 4R 32%32 IR 4 7R R 2 B
Conv2 H R E B FZ R 3x3 K/ B2 UR I, i i 1
ks H 32x32, BT BB HERIES R IEH S
FR, BRI AR A% 1 B B Rt ) R/ INEEA T I ST A
HTF Adam' " HEATHRAL, AL 32 AN AR

(2) M85,

FEARPE R Ao B8 ) 300 R A i e [ R L 11
AR (A T TR ARSI EE R L,
L, L KRR 3 /0 =3, =3,1, =3,

T2 T 7 R e 55 O 8 ) A B — o] B — > i) 221
PR | 3% B JR R A 2 B — A~ 383, T A 3232 %3
BB A8 B A A ol 412 ] 300 P 20 0 v g St A A 1) o
N B 5 B3 — B — 5 220 R 5080 | 78 B = R 4 Al
PR AL 1Y) 32323 4 i A BIURA & Tl 5
T BRI 3T ) = I 220 7 5080 20 B 32 x 32 x 3 4 i 1 8K
PEAE A B B (AR AL A LR A o E I R4 A /Mt
UK HUAS (batch size) 24 32 G ILT , YII GBS (% A
Bym AR N 32x32x32%3,

F YT AR 2% (RMSE) 7 W3RN AR 1 .

RMSE:J;&{ [h(x(i)) _y(i)]z (8)

Hor, o' 3R AQI ELSEHE, h(x") RRZT %
TINAS RN AT AQIL £HiE 5 m b I rh A 250 A% 25, B
32x32 [RAE P I NS (R A R 4y, e
HL[Y) LSTM A HE AT PR REXT L, 20 BIAA 2 3 2 6 2|
12 JZ 24 |Z 48 21 LSTM,,
3.3 ZWHER

i Iy s AQI B dls , FU A Sk —4E Y AQIL, 73
¥ LSTM 5 ST-ResNet #17 [L#4 , 3815 () RMSE 45 54
mE 1 fiR,

% 1 LSTM 5 ST-ResNet 2 b 25

i RMSE Acc
LSTM-3 27.33 72.67
LSTM-6 27.94 72.06
LSTM-12 26.50 73.50
LSTM-24 27.10 72.90
LSTM-48 26.79 73.21

ST-ResNet 20.09 79.91

 SEYG 25 SRR LSTM BLAUFE IR E S 3 ~ 48 i,
IRETE 26% ~27% 28], 1M ST-ResNet 15 7 {1t 1 22 78
20% Ze A7, H LSTM U ERGSRAR T T 7% 2244,

UEAh 7 ST -ResNet [ B 454, SR FH 4 il 425 5
2, B B B K NI B B R B R T L, 3R A
7 RMSE Z5 413k 2 i,

A2 AEBABBER N AEBEHB A CERLER

BRERN RMSE BB RMSE
242 21.05 16 21.45
3%3 20.22 32 20.22
44 20.09 64 20.09
5%5 19.79 128 19.79

M1 2 T LA B BURR/N 5IR 22 R M C R Bl
HEPRIIER IRERTIE,3x3 RN ERES 4
x4 R/INE B B 22 TR A 22 A8 R, 5 %5 R/ 4
BRI/, RGBT R 5x5, 2B
ST B S S I SR S E O e
P L&A IME BE BT LA 5x5 K/ B B I &8 AR K,
ZRH 3x3 KN ER, M, %2 WERHER
BB SIRZERM KR,

Kl 4 s B8 R J5 ST —ResNet £5%5 ) 5% 22
AR, ST—-ResNet L7 (14 15 72 R it 5 I 465 % L 114 15 i
FEA ER YR Rs —E R e 2 B D B 4, iR
ZERRPRIR LTV, e ad o A . (1) BEE DR S i, Il
SREMEEIE N 5 (2) 4 TR B 3K — E TR L 2 1 B L
TH R R R A

Impact of Net Depth

21.2
21.0
¥20.8
= 20.6
20.4
20.2

2 4 6 8 10 12 14 16
Number of Res Units

B4 WMERE-REEH



55 6 1 Zs

WRAT < B T I 25 5 R 2 100 26 14 2 Ao o T - 129 -

4 HRiIF

TR I 3O T 02, B2 1 T 3 LR 2 9 4% 1 I 28 0
P 337 | LA AR e T PR A T e A T R TN 4
A, 2 1 392 e i A R D R 1 D 2 I 246 4k
545 CNN St % 1) Adam 35 Ji 5 9 46 1 45 300% .
FIEE 25 i) LSTM B0 3k, T 5 480 60 75 Aub B I 235 50 8
Ik, BOE % 1 30 F 4] 525 ] R, S5 s B b 5 2
W O R ARGS A 0 LA ot 2 M 5 0 e 6 4 75
Sy AR T B W S AR ANk A B, e
R TR T S IR T B 25 5 A8 6 22 Y50 S A i 23 2
BB 53 A7 RV B 4 Bk 2 X R M R 17 G 4 R D
W, BN BN R ZTNE, AR RSN RS
28 ST I AR, 6 VR FEE 90 2% 45 44 v o A PR ol 28
o4 A PR RV L2 1B A S , LR Yok 1 235 /< i
W B AR AL TS AL

SE Lk

[1] AKIMOTO H. Global air quality and pollution[ J]. Science,
2003,302(5651) :1716-1719.

[2] ZHUJY,ZHENG Y,YI X, et al. A Gaussian Bayesian mod-
el to identify spatio —temporal causalities for air pollution
based on urban big data[ C]//IEEE conference on computer
communications workshops. San Francisco: IEEE, 20163 -
8.

[3] ZHENG Y,LIU F,HSIEH H P. U-air: when urban air quali-
ty inference meets big data[ C ]//KDD proceedings of the
19th ACM SIGKDD international conference on knowledge
discovery and data mining. Chicago, Illinois; ACM, 2013
1436-1444.

[4] HE K,ZHANG X,REN S, et al. Deep residual learning for
image recognition[ C]//IEEE conference on computer vision
and pattern recognition. Las Vegas;IEEE,2016.770-778.

[5] HUANG B,WU B,BARRY M. Geographically and tempo-
rally weighted regression for modeling spatio—temporal varia-
tion in house prices[ J]. International Journal of Geographical
Information Science,2010,24(3) :383-401.

[6] HE Q,HUANG B. Satellite —based mapping of daily high-

resolution ground PM 2.5 in China via space—time regression

[7]

[10]

[11]

modeling[ J]. Remote Sensing of Environment,2018,206:72~
83.

ZHENG Y,CAPRA L, WOLFSON O, et al. Urban compu-
ting ; concepts, methodologies, and applications [ J]. ACM
Transactions on Intelligent Systems & Technology, 2014, 5
(3):38.1-38.55

HSIEH H P,LIN S D,ZHENG Y. Inferring air quality for
station location recommendation based on urban big data
[ C]//KDD proceedings of the 21th ACM SIGKDD interna-
tional conference on knowledge discovery and data mining.
Sydney : ACM,2015 :437-446.

YAO H,WU F,KE J,et al. Deep multi—view spatial-tempo-
ral network for taxi demand prediction[ J]. Statistics,2018,2
(4) :468-475.

GUO S,LIN Y,FENG N, et al. Attention based spatial—tem-
poral graph convolutional networks for traffic flow forecas-
ting[ C]//The thirty—third AAAI conference on artificial in-
telligence. Hawaii: AAAI,2019.:922-929.

ZHANG J,ZHENG Y,QI D, et al. Predicting citywide crowd
flows using deep spatio—temporal residual networks[ J . Arti-
ficial Intelligence ,2018,259.147-166.

& OB B TR BTG B B R A 4
FIELI]. HEALER 5 % ,2019,29(6) :57-61.
BRI TREIZL. kT OO ) 4 B 28 160 255 10 AR 285 A
LI R HLEAR S % ,2019,29(2) :77-80.

RETE, R L, RS P T A A e 2 4
FAABLE AR P LI (], THEHLAE 4, 2018, 41 (2) : 309 -
322.

LR, B A, R R TIR G I A R E i 8 T 1 A
PRSI LR 5 % ,2018,28(2) :98-101.
LU G Y,WONG D W. An adaptive inverse—distance weigh-
ting spatial interpolation technique[ J]. Computers & Geosci-
ences,2008,34(9) :1044-1055.

HE K,ZHANG X,REN S, et al. Identity mappings in deep
residual networks [ C ]//European conference on computer
vision, ECCV 2016. Amsterdam: [ s. n. ],2016:630-645.
HOCHREITER S, SCHMIDHUBER J. Long short - term
memory[ J|. Neural Computation,1997,9(8) :1735-1780.
ANDRADOTTIR S. A method for discrete stochastic optimi-
zation[ J ] . Management Science,1995,41(12) :1946-1961.



	计算机
	页 1

	计算机技术与发展
	页 1


