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Deep Learning for Spatio-Temporal Sequence Forecasting: A Survey

LIU Bo, WANG Mingshuo, LI Yong, CHEN Hongli, LI Jianqiang
(Faculty of Information Technology, Beijing University of Technology, Beijing 100124, China)

Abstract; In this paper, the latest progress of deep learning models in the application of spatio-temporal
sequences prediction was summarized. First, the attributes and types of spatio-temporal sequence data,
as well as the corresponding instantiation and representation, were introduced. Then, to deal with the
three problems existed in spatio-temporal sequences, different data preprocessing methods were proposed,
and the prediction methods based on traditional parameter models, traditional machine learning models
and deep learning models were illustrated and compared, respectively, which provided a guidance for
researchers to select proper models. Moreover, the application of deep learning models to spatio-temporal
sequence prediction in different fields was depicted. Finally, the current research deficiencies and the
future research directions for the spatio-temporal sequence prediction were suggested.

Key words: spatio-temporal sequence data; spatio-temporal sequence forecasting; deep learning;

convolutional neural network ; recurrent neural network ; feature selection

FUHT, i 2 8ot ) iz Ap ek 2 Ok, insgidiizs K, B AVERAZ 48 LU SR I8 23 P 91 B50His v A g
gt AR TS Mg BT A REE A B B A L B B S 8 TN & G
5. TR LRI T AT R N R AR B S I A R AR L
FEAE AT 23 R BRI B 4ok 5 07 R GE AL I 25 P 51 RS 2 ik A R 2 25 (] v ] B A
W28 SRR PRI A Ji8 Wy PR RE D AN BT 66 2SI T AR SC R i Bl , nT RLad o A [ B2 7E S
FRAEBLSE PR S AT 2 A I 25 e S B S pi M a0 s PP 8 AR 25 PP 9 R R, AT LIRS 2 [ o7 B 4L

Wk B : 2020-12-31

FETH, EZRE SR H (2018 YFB1402800) , R H ARl - 3L 4 Bh I H (62076015)

YEERA . X 1(1981—), &, BI#ER, FENF A Mlass> B2 7 5, E-mail ; boliu@ bjut. edu. cn
WBEEE . BREtm(1974—) , &2, P, EZEMNTE CAD 5L F A5, E-mail: chenhongli666@ 126. com



926 d = T Wk Kk % %

2021 4F

XFAR, FERE A o 5] 41 A% DA 23 1) 7 5 A4 3 11 s
PE(ERE SCRAIE , AT LURE IS TR] G X 52, 5 I8 1l
FHF AT 192 ) o2 B WSCAE 20 ) s MR SURRAE. th
T A SRS A P s A A AR AR EAR ) R
MR ELA R BE Y AR DG, L E R I S A Y
X LR R o8 2 IR0 2 90 5 R T I A I S
FeB s L VERER 22, JC Al R b B 2% i ) 25
PEARSEAE.

X IR 25 7 0 B | ASAN 22 R ] £ 1
MM, [7] I i 22255 i 2 [ 248 2 A, i B 5 e ]
MR, 2 [H] 4 BE (Y A OGPt 2 R A= S e H
Hi E AT R B0 I 25 7 51 F ) F 5 A, 2203
BRI LG TR OT . BUE BRI %2
HEEDTTEN A KA I Se 0 IR R 22 56, AT s
SETRIMAE R, e Wi 5 iR S TR ST R O
2 AR R R A 22 1 S RO AR B iy A
I AR R A O RR . G RO AR AR T
P GE 2R B i 18] P 51 B0 O 3k 3 T2 epllas
o > BRI 3 9 B O 12 L T TR 2 > Y I 25
FUTIN 71k, Herp B TARGES Bome B i 100 Ty ok
PIAHAR B i) LM AR AR, B T AL GEHL 227 T 1Y
2 PP S F 75795 T LA Sl s T AR e vk
fiE, A/ NVEEAS B BT AR GF Bz AR RE g i3 TR B
o7 2] W 25 P S B 7535 AT LA 8582 A e
AR S, A Bl R BB A 2 M S AR AR, i
AL A B MU 25 e 51 B 8

IR H TR EE 5 S BOR B T2 T 23 17 37
AL 55 B3 e 2 IR, 1 ST R T ik 23 Fr 4
BAEA BT 5, 75 I 5] 25 B2 A7 AR SRR M
DA 23 ) 48 B RORE AN — S5CRY Tt T BA B 5 Ak
TR ZE AL G 5 R B, B 51X I 25 7
SR, O T IR A I R A e, H AT =
ARAAT R AR AN [ A KA S Y i 2 491 LA R il A X
TEFERT BT BE 27 I AT RO BF SR . R i
BERTUR B~ 2 Y (1 m A R, T 080 A OG 2R 1Y
SEORNE T BRI 23 e 8 P00 245 2R A T AR 4
AR R | LA {8 B

1 B=FIIHE

25 P 51 8080 S ok A [ X 3 PAY i ] 4 % T
FER R E SRR R LR, AR TG
Ao, RSB X N R, BT LB R
A%, IF S B R A7 A IR 1) A48 B %) TP AR 3
AR 5T B E (Y SRR A A A5 Y I T [h] e

PN i LA 5 1) BE AL A2 S 1 A7 000 A 5%, AT
HE I EEE .
1.1 HZEFIHEEE

A2 P B i s e e R | B AR OCHE
ik | A

s FE 9B R Iz R AR Rl 3t
25 P AR AR, T A Ak P B B 25 T 5 A
SIS P A TN ) g 2 H AR

A 25 T 20 S A o) [ 4 3 s ) R B 5L A
Kt BIFE RS B) 38 L Fn s (6] 467 B L i) WS 2 AH B
AT TR AE BG83 5 2 A4 B A UL 5
HA 8. T s e 9B A7 e X Fh 3 AH R
P& FERE 23 P BRI, 75 2225 AL Ge w2
(143 .

A 25 T 20 S A o) [ 4 3 s ) 4k AR
AR BIRIORTR 8y 5 SRR — 2 ) S B, 3
AN DA R — AR A 25 ARG AN [ B 25 XS )
T B AN 28 KB R R RS AY. failan, th F
T AR X A AR B B T — A I e 5 b
TR AN [R] o B A8 I i 4778 JR 91 LA S A7 AE 5
DA B RFAE, PRI R X 22 B B R AN (] g T i
TR,

FH T 23 PP SR R T 5 AT B (i) 2 B AR 2
[) 24 B RAE | A ELAG A P 4 B 45 22 4 R4, DR 7 I
23 FE A T | 7T DA Bl sk 23 4 B 22 G £ 4E s 1
FROF AR ROME B e 25 S50 30 o, 5
FEFREMRRE R HZH R UESIES, B
B XA T A 2 X6 23 00 o 7 A 5 T 5

TEXT B 23 e AT TN ), 5 B 7043 7% R 25
JF 9B ) SR AR, IR AR AR B, A BRET XA
() 50358, PN SEZ o 1) s 25 3 371 T4 55 2 s B RS HE 7
T 45
1.2 HEFIEELR
12,1 P50

AR EEE T DUH 2R F R AR
A7 DL R A A I R] R KR | mT DLl i = oo
(e, l,t) KA, e AR FE LA
I E 50 R R AR BYRTR]. B R 5 £ i i =R
PR EAFR A A ER R BRI TR |
AT AEAS M2 Sl bl iz . B 1 (a) 7
THE AR R T 2 AR O R R TR Y 43
Khrid TR,

1.2.2 Bl
BB RSB AE FT RS SR i A5k



5 8 1]

AT LI AR 2 WE RO AL AL S R 10 L
A, M LT bl T LA 3 B N 1] ) RS, B
PRAE 23 ) Hh ) 3% sl A Bl Kot W LT A
FCt) () e () RS Heh DO
FE o A s IR L s B R AR L B R
Heteizh A SN HPARE W B 1(b) JBR T 2 4
s 2 2 R Y.

il (ezirtZ) (ph) (l4t)
A l) (W
(eplyty)
(el oty (eslgt) (st
o [ i
() P Es (b) PEI AR EE

(IR 5 €Iy iIk7 BUY A €N 1]

Fig. 1 Ilustration of event and trajectory data types
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Fig.2 Illustration of point reference data type
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Fig.3 Illustration of raster data type
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Fig.4 Data instances and data formats of different data types
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2) ¥ 5 3| 7 H) K B (sequence to sequence,
Seq2Seq)
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3) 5% BR 3% /R 2% 2 ML ( restricted Boltzmann
machines, RBM)
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AN HA 2 BN EER, L — 2 ool il
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4) HYwt#s (autoencoder, AE)
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3.3. 1.2 TR 2 [ 4 BE AR TR B 2 S By

1) BRI Z 2% ( convolutional neural network ,
CNN)

CNN J&—FPET B fh 28 M 4% | 538 58 28 M 26k
HARARL, 387 e ELAA AT 2% 2 1 AR R O 1 Bl 4
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2) FEEFMZE (graph convolutional network , GCN)
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GCN 7 Jou {5 2 FH ke i BB F I T8 45 4 1) 225 TR) AR E , 20
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REOE ) B AR R . B S B ARV E N T Ry
SRR TR 1 SRR AT AR S 2 B



932 d = T Wk Kk % %

2021 4F

(d) RBM

PS5 T2 > ik i) 4 AR AR O TR = 2] AR

Fig.5 Deep learning model for learning temporal-dimension features
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Fig.6 Deep learning model for learning spatial-dimension

features
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Fig.7 Deep learning models with different data formats
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Table 2 Classification and summary of deep learning models used for processing different spatio-temporal

sequence data based on part of the existing literature
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Table 3 Comparison and summary of deep learning
models, traditional machine learning models and

traditional parameter models
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