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Deep Spatio-temporal Convolutional Long-short Memory Network

QIN Chao' GAO Xiao-Guang' WAN Kai-Fang'

Abstract Spatio-temporal data is a data type that contains temporal and spatial attributes. Training spatio-tem-
poral data needs spatio-temporal models to deal with the relationship between data and those two attributes, to get
the trend as it changes with time and space. Traffic information data is a typical type of spatio-temporal data. Due
to the complexity and variability of the traffic network, and the strong coupling with time and space, traditional
system simulation and data analysis methods cannot effectively obtain the relationship between data. By dealing
with the adjacent spatial attribute information in traffic data, this paper designs a new spatio-temporal model,
DSTCL (deep spatio-temporal convolutional long-short memory network), to solve the problem that traditional spa-
tio-temporal models only pay attention to the temporal attribute and these models have insufficient ability to pre-
dict short-term data, and then improve the ability to predict future information. DSTCL is a multi-network struc-
ture consisting of a convolutional neural network and a long short-term memory. It can extract the temporal and
spatial attribute information of the data, and correct the network by adding the periodic feature extraction module
and the mirror feature extraction module. By verifying the two types of typical spatio-temporal datasets, it is shown
that when DSTCL predicts the short-term information, compared with the traditional spatio-temporal models, not
only the prediction error is greatly reduced, but also the training speed has been improved.

Key words Spatio-temporal model, deep spatio-temporal convolutional long-short memory network (DSTCL), tem-
poral attribute feature, spatial attribute feature
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FEWIZRRT, FAEH K S RS FEN 2 (A E
FESEHUBL AT T 25, A8 R AN 21 B R b
BRUZ, XA TIIERUE IR/ R B A R,

x, T > A
RELU(z) = { (17)
0, <A
i TR AR R AR HL D 45 18 A LSTM Bk, & —
AN LSTM $ B RN 4 )2, B2 17 5800 hil A 128,
64, 32, 16. Ji WA BEAR FRAE SR HUSL R A (1) J) AR AR
PR gt |2 — 3 4 2, BE 0 5500508
60, 30, 15, 10; BAARHEFE NG 7 dm b = — L
6 )=, BEEIT H N 179 712, 80 000, 4 000,
1 000, 500, 20. %% Dropout Z¥A 0.5. 1] RELU
bR EE X = AN (0 e . A B AR R AE
PR 1) 00 2 R AER R I 2R A . 5 )s
A B E Mg —ILA 5 )2, 11 8409718 100,
40, 20, 10, 1.
B 2 2H S I0WF FUARE Y 1 Hp B (] JR) B T R

T 40 min 2 J5 P B, B PR E N
72, BB 360 min (957 52 B0 25 70 40 min
ZJE AR, By T I ARHIE R R 2L 72 4 LSTM
Bz hh, HADR R SR B 558 1 A SERAER.

55 3 L ST SO R I ) [R) B T 8 75,
T 100 min 2 J& A, f DK% E N 180 min,
BIAZY ] 900 min 1957 5204 25 10l 100 min 2 &
(RS A AR T 55 1 A seabfiin RS 30z,
A AR AR AR B 152 B A 180 N LSTM #, e 4%
JEBEE N6 2, T EU BN 300, 100, 40, 20, 10, 1.

BATHE — AL AT FMD HdE 4. Xt
FMD ##im4E5k U, J& HAREAE A B AR5 AE A R 4 B
2, FEAE R AL B R S OB RN B AR
FRESRIUBLEL. S NI RS E N 20, BIA 40 min
F) 17 S0 B0 25 T 10 min 2 J5 F 97 6 S5 T R
. IR AE =ANERZ, &2 180 4
W, 30 N UEVRAR, AU E IR A KR E N 4,
NEARMT SBEE N2, SKRENL, B2
RN AL E N 3, KW HEAN 1, MFAS
AT 78, JIZRm % B Dropout 40N 0.5, F-{# H
LA — AR, B RRFIE S USR5 20 4 LSTM
B A LSTM S E N 4 2, BEMRT S8
S04 180, 80, 40, 10. ftJ& AT & M 25 — 3L
A4 2, 3 EE AN 80, 30, 10, 1. &2 RELU
VE R R H

B XF PeMSD7 #di 45, FRATTIE $E = i 1%
7%: MAE (Mean absolute error). MAPE (Mean
absolute percentage error) 1 RMSE (Root mean
square error)!". 3X = AR R ZE A TS AN

1 ~
MAE =~ |y — V1| (18)

t=1

R
MAPE = =519 00 (19)
i Y

RMSE = \l % En: (e — U1 )2 (20)
t=1
oy TR ESHE, v, Fom TG
B Xt FMD % 4, A1 H RMSE 14 1l
9T BAF CNNL LSTM LA HE B [ 2h 4w i 2%
X AR T TR B8 A DTk, et T AL s
51 4H: WF9 DSTCL 1E 4 7l =4 3 AN
(75 (A RFAE e OB e, B[] 4R AAE g BB R DL % & 390
BHRIRIUBLER) J5, XIS (] [A] RS (100 min). HH
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[E] [E]B% (40 min) DA K %GB (8] [B]B% (10 min) RMSE
P QINALS

552 M 5y AE R a2 W 25 AR B A (A R
TIE$2 BURE He rp () CNVN S B JA] AR5 F1F 42 BROAE B v 1)
LSTM LA K J& S A 45 A8 e A1 £ RS B o 1) HE 285 1
BNt 2%, A FEH X ][] B (100 min). A [H]
()R (40 min) PA LI [A]E] RS (10 min) RMSE 45
Al

SEWERS DR

# 1~4 378 DSTCL B8 5 LSTM. S-ARIMA.
DBN. ANN #5825 LR L.

F 1 RoREFNE PeMSD7 $H 45, T J6 A 1] 5]
) MAE. MAPE F1 RMSE = Fh 7 15 22 76 03t
FEMIME; 2 2 FoREFR PeMSD7 $#i 4, T b i
(8] [6] B% ) MAE. MAPE fil RMSE = Fh Fil % 2 7
MAREEIE; 2 3 Kok PeMSD7 44, Tl
KINF 1] [A] B ) MAE. MAPE Al RMSE = Fh il 1%
ZEAEMNAEE A ; 3R 4 RIRENXT FMD £l 42, i
DU E] [E] R A 10 min (9 RMSE Fll 5 22 76 i 4
PIE.

3.3

R 1. 3K 2 fIR 4 v UG Y, AR AR T Hh 4
I 11 ) B A B4R B, DSTCL F = Folt 90 00 58 2 41 45
bl AR A TR AR, 158 A 5 T A et B 1) ] 5% 1140 5040 B
DSTCL HEEM R & IF. S-ARIMA 1E NG it %05
%, BT AR B R AL B R 2, TR AR B
HH R A ] a) I ) 508 B T R 2 oK, AR B .
FEALFE PeMSD7 Bl FE I, ANN 1E A4 i3 i1 #
W% )2 TR ZEE LSTM Al DBN /), i B H
TR R R AR T LSTM A1 DBN.

MR 3 AT LA 78 00 & e [ 1] 5 ) 3
i, DSTCL #8 EAR SR AU S-ARIMA, {H&5
FZEAK (RMSE 2 0.23), - H DSTCL #5 2 f) i
R Z Y LSTM. DBN A1 ANN 7Y {500 157 25 3L
/N, KB DSTCOL BEAY AT AR 4 Rb il K B 1] 7] B
R € TR

PAT 3 B vy Vg BT (1) B A R A R B ) B, AF
NESEAE X E 5 R Y 1) T B (A 1R (e B
40 min), 451K 8 Fis.

FATIEFE 15:00~ 19:00 [ FFA{H 2 KA IR A
i IE) B A2 A g A s e, TR AR LK. K 8
AT LA, AT HARA S, DSTCL Al LAMR 4543k

R 1 P PeMSDT i [A][A]KE 10 min 2 HABCRXT EL
Table 1  Prediction of the effect of each algorithm in the 10 min interval of PeMSD7
FR MAE (10 min) MAPE (10 min) (%) RMSE (10 min)
DSTCL 2.61 6.0 4.32
LSTM 3.07 9.02 5.4
S-ARIMA 5.77 14.77 8.72
DBN 3.22 10.14 5.8
ANN 2.86 7.29 4.83
R 2 U PeMSDT i [FI[A]KE 40 min A HIEMCRXS L
Table 2 Prediction of the efiect of each algorithm in the 40 min interval of PeMSD7
FR MAE (40 min) MAPE (40 min) (%) RMSE (40 min)
DSTCL 3.45 7.96 5.34
LSTM 3.81 9.46 5.92
S-ARIMA 4.8 14.47 8.6
DBN 4.11 10.66 6.5
ANN 3.63 9.98 5.77
# 3 T PeMSD7 I [EJ[E]FE 100 min & HIERCRNS H
Table 3  Prediction of the effect of each algorithm in the 100 min interval of PeMSD7
RER MAE (100 min) MAPE (100 min) (%) RMSE (100 min)
DSTCL 4.15 9.94 7.05
LSTM 4.76 11.08 7.44
S-ARIMA 3.9 9.71 6.82
DBN 5.44 12.48 8.2
ANN 6.2 15.69 8.89
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# 4 T FMD B FES 10 min & EVESERX L ANE. AN PEMSDT ¥4, R4REUT 4 M
Table 4  Prediction of the effect of each algorithm in the 7 (DSTCL. ANN, LSTM i DBN) ZE I 25 A [B
10 min interval of FMD N Bl s o %

[F1) [F1) B8 £ 50 1 I R B AN S AL ) RMSE, 45
R RMSE (10 min) %ﬁﬂ@ 10~ 12 Fﬁ%
DSTCL 4.24
LSTM 4.62 . ‘ — DSTCL
S-ARIMA 8.44 |
DBN 5.21 =8t
ANN 5.37 z
EI 201 o o P[] AR A P 35 %6 i
FRATT e PR AL AR IR 2 10 M7 & Bdls, 1
NESEAEXSEE 5 AR A TIIE, SRl 9 B, 5t
9 AT LA H DSTCL 7Ef7 B 5l 1% R , , , , , ,
PG L 28 15 LS 2 ROV, B AFRE T3 R P
B DSTCL AJ LAR 47 3k BOH 2 5 o B A2
KA. K10 SAMEERILLTE 10 min [0 65 ¥ | 45 RMSE 254k
T S-ARIMA &k —Mgit % ik, it& Fig. 10  Curve of RMSE of processing 10 min
W5 DSTCL. ANN. LSTM #1 DBN ixX 4 FfifiRl interval data in PeMSD7 training dataset
sl * B 2 — DpsTCL
A - - ANN 1 --- ANN
sl N B%&M — - LSTM
o X\I x S-ARIMA = 10+ . DBN
g g T
=30 2 5l
* :
25+ A
201 : or
0 10 20 30 40 0 20 20 60 80 100
Time/h ALV
K8 15:00~ 19:00 S A AT b5 FLILAE FIXF L Bl11 &AL 40 min (8BS EHE 128 RMSE 24k
Fig. 8 Comparison of model predictions from real Fig. 11  Curves of RMSE of processing 40 min
values from 15:00 to 19:00 interval data in PeMSD7 training dataset
67.5 i . ; };rﬁ?\l 1ol
6501 [ . --DSTCL 105}
625\ [*\ A --LSIM
_ A‘ , N Ao DBN = 10.0 +
; 60.01 "\ ;. \ oox S-fARIMA E o5l
g 575+ %\ / \\\ § 9.0}
= ZI|
2 55.0 5 8.5
52.5 8.0t
50.0 7.5+
4750, A , , , 7.0, , , ) , ,
0 2 4 6 8 0 20 40 60 80 100
& ERIREL
B9 10 ML E &R T S 3 S X b B 12 BAEEELLEE 100 min [AIBHEHE I ZR4E RMSE 424k
Fig. 9  Comparison of model predictions from real Fig. 12 Curves of RMSE of processing 100 min

values of each model in 10 different locations interval data in PeMSD7 training dataset
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g
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EARR S
B 13 &AMEE AL FMD R4 RMSE 484k

Fig. 13 Curves of RMSE of processing 100-minute

interval data in FMD testing dataset

B 9~ 12 7] LA H, DSTCL #8475 Il kit
Tofs B AR AL A K, R o B R A AR R e A 8
E A FA = /MR /N Ui BT 7R Ab B PEMSD7
B IS 53 A bR

B 13 AR B 0 R T BUE A T
fih =AM fd ] DSTCL AN 2R $ 4 iF, 7T LA
i RMSE 7504 3543 Lh e TR T B 3 1 ARk 8
SREE, AT DL AR R AR AL EE FMD B S I
R

% 5 FoREXT PeMSD7 $4E4:, DSTCL 784y
Al Fe b = AMELHL (723 (R RRAE SR EUBEER B (R REAE 2
HAsE B, ) 3 A A5 RS A SR OB B ) 5, K R T 1)
K& (100 min). F B [ TATRG (40 min) PAAZ J6 BF [A] [A]
B (10 min) ) RMSE 25 3% kb

H# 5 LA, DSTCL1 ZE 7l 10 min A1
40 min FELHE IS, AT H AR R H RMSE
B K; DSTCL2 fEFM 100 min FIELHE R, AT
HAB P AR H RMSE #: k. DSTCL3 ¥ A& M %
T H A B R AL, B AR DSTCL. 0 25 a4 AE 2
HUTHt DSTCL Pl w6 iy a] 1] b s 14 58 77 o1
Wik fe K B TR S UL DSTCL Tl 4 B 1]
(i) b 5 14 8 70 DT i s K T AEABE A oo N S S AN
BUARRFIE PR BB H AR 2 Tk Lt AT iR Ak,

% 6 Rkt PeMSDT B4, 70 il FH 4 ik b
(1) 4 28 I 2% AX B 2 ) SR AIE 4 HURBE B b i) CNNS
I TR R A 3R BB Bl vh g LSTM DA K% A 309 R0 45 15 4
TESE BB (Y HE B H Bh 9 i 25 )5, KIS [A] [R] B
(100 min). H1A [A] [A] B (40 min) PA A Ji IsF (8] 6] B
(10 min) ) RMSE &5 5%} L.

% 6 7] LB ), DSTCLA 78 N v 45 1) Ja] []
e P B B, A T 58 4 25 s TR AR A S EURE B )
DSTCL1 i &, RMSE {{F#1K 17 0.12 #1 0.13, XF
tt DSTCL5 #1 DSTCL6, H: RMSE 5 &k, ¥t
B CNN by 2 (B REAE S HORE B v 2 2 1) 45 4, o) A
ZR0 YU 5 B T) 1) o 09 1) g 77 DTk B K. DSTCL5
TE TN s 0] [ 57 P 55000 B, 56 B 58 4 25 st e [ 4
HESE B EL ) DSTCL2, RMSE Y &M% T 0.37, 4
SofF HoAl P R LA L RMSE 5 A ik, 3B
LSTM i [B] ik $1& B e v B L[ 45 4 A 7Y
o B 5] 1] 5 25040 1) 5 0 DTk K. DSTCL6 #H
X} 56 A 5 ] RN B A5 R AE S U ER (1) DSTCLS3,
RMSE [£fi 7 (0.07, 0.16, 0.06), #4A&4+H% T DST-
CL4 f1 DSCTL5 &k, B4 41 DSTCL. WS
H 2 9 i 2% 9 i BA AN B AR RRAE S U E rp 3 2 1)
M, AR O N HES F Bhdm i 2 AH 2 T 24k
1Tk,

F£ 5 R FEE = RMSE 45 15t

Table 5 Comparison of RMSE of removing three modules separately
10 min 40 min 100 min
DSTCL1 (DSTCL % #5175 [ RFAE SR BUB R ) 5.29 6.1 7.3
DSTCL2 (DSTCL % i [ RFAE SR BB R ) 4.99 5.85 8.47
DSTCL3 (DSTCLZ i J& M SR R IE SR IUSER) 4.48 5.60 7.22

RO A2 I 2 B = R A5 K (K] RMSE 45 006 b

Table 6 Comparison of RMSE of replacing three modules with fully ANN separately
10 min 40 min 100 min
DSTCL4 (E#:CNN) 5.16 5.98 7.21
DSTCL5 (B#:LSTM) 4.85 5.52 8.1
DSTCL6 (¥ #uHi & H 3h4mis ) 4.41 5.4 7.16
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