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PR BE: BT ORI A2 00 44 10 R 125 [ 98 A B3 1 T 5 SR I 0 28 AR S [ g ufe D i o [ g (X Jok o

RIS £ R E0AS . DL 2019-2021 4F 4-9 HILHE S LTSI NFEAR,

I SCRRE R R AL IR A A R AZ Y 4 A S A O TR R R« A8 60 g, B Y9Q. 20 40dBZ

4648, I AR T35 %k (Critical Success Index, CS1) F1 Heidke Sk‘S re/HS )43 0.7611. 0.5326.
0.2369 71l 0.7335. 0.5735. 0.3075, Wi T K. .
REEE: HIARIAME; WERES; MoK, KEBHCZ

CAST-LSTM: A Spatio-Tem

TM Model for Radar Echo

ing> CHENG Yong® Wang Jun"

LI Yuanlu?

1 Nanjing University of | m% & Technology,/Nanjing 210044
2 Institute of Tropical and n eteoro dong Provincial Key Laboratory of Regional Numerical Weather Prediction,

Guangzhou 510

QU Haifeng"? HE G

3 Jiangsu Meteor al Observatory, Nanjing 210008

Abstract: The forecdst results of radar echo extrapolation algorithm based on recurrent neural
network are gradually blurred and distorted with time, and it is difficult to forecast the high echo
area. To solve the above problems, this paper proposes a spatio-temporal long short-term memory
network model based on context fusion and attention mechanism. The method fully extracts the
short-term context information of different scales of radar image through the context fusion
module. The attention module broadens the time perception domain of the prediction unit, so that

the model perceives more time dynamics. Taking the weather radar data of Jiangsu Province from

April to September in 2019-2021 as a sample, the spatio-temporal long short-term memory
JUHRE “CERLAA R 5I3E)E L AT H  (2019ZT08G669). [ 5 H 4R FHEFE 4 ¥ Bh T H (41975183,41875184) ¥ 1)
W RN, FENEIRELY: 2N RAIR TR T ST, Email: 2504931080@0d.com

IR G, FBEMNFELEEGTHRAE SRR SE 7. Email: kangzm@cma.gov.cn
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network based on context fusion and attention mechanism achieves better prediction performance
35  through experimental comparison and analysis. The Critical Success Index (CSI) and Heidke Skill
36
37

Score (HSS) reached 0.7611, 0.5326, 0.2369 and 0.7335, 0.5735, 0.3075, respectively, under the

conditions of 60 minutes of extrapolation and thresholds of 10, 20 and 40 dBZ, which effectively
38  improved the prediction accuracy.
39  Key words: radar echo extrapolation; deep learning; precipitation forecast; long short term
40  memory
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]I FH B 38 (BB A ME RO SRIBURSE « DR (1 R U i 44,
46
47

8e K J i FA P DA AR S — i =% 3 41 T i it
and Palmer, 1948)% L # N FE RN 3 &, E N
48
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50
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52 J&, FESERRR LN, AR g M 1E DL
53 ATIRHI. AHTALE & 7&%&&)—\

54 WAIE. SEWMEE

55 33l

B HMERASIE A TR o 1277 VA T R B 2 e

o WA BERG 2 KK B M GIEAS o o2l o SR X R Rt
iz
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57 AT IR EIEEAE AT
58
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U IR R R AR, A7 AE SN THER AR 170 L
59
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AR, IRBE A 2 RN X T R R RO R IBOR, xR G A AR 1 A, R
61

Z N 228K R FE 5 S1 TTVE R AR AR 1510 (Bei et al, 2021; Chang et al, 2021; Tamaru et al,
62

2021). AZiEIF M (Tian and Chan, 2021; Yin et al, 2022; Zhao et al, 2022)F1 [ 7K % I 41 (%
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G5, 2021; FRMFASE, 2019; BURIESE, 2020; SHUFSCAE, 2021; O ASE, 2021; FHELA 4,
2021; Ji RERESE, 2021) R 2 e BTN A e 3R 15 2] i AR AR 2550 R, DAE
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W B A 4 4% (Convolutional Neural Network, CNN)AIK 4 #1012 /4% (Long Short-Term
Memory, LSTM)MH45 &R LSTM (ConvLSTM) AL F T F& /K i, LSTM A T-42H
I} () S5 5 B I RAP B CE I (B0 2 570, CNN 47 S IS Ial(S 2. DRIk, 048 m] LUK
I 255 SR AT B A 1 2 SRR ASE o e TG o 20 I 28 1) TR 7 125, SR P ME 28 W 4% F s ¥ 7 X
PR ML 58, B3] ConvLSTM HIGHE T I IRME ., 17288 1ok B AR TR (6]
K25 A {5 B . Wang et al(2017)#2 H! T ST-LSTM it (Spatiotemporal LSTM), i id 7
ConvLSTM i in— AN H BT I 2B MHCIZ BT, SRAORAFEE B 70 2 1 23 [ AR AE F-K e
FHAE B )35 232 PredRNN | Wang et al(2018)53F — 4515 X047, B 71 57 PR 1BE 1) 7 A
4 Causal-LSTM H.75, FfIn KR & A #5176 (Gradient Highway Unit,
2% 0] L, T BEHT 1 i 21 3 4 Y PredRNIN++ . Wang et al(2019a)#2 Hi 1
(Eidetic 3D LSTM), ¥ 3D B KE] RNN (47 fiff Higr i S0 TR R ALE
T KBTS TR A7 BLB 4 A A7 2 %%mwﬁﬁo BT
SE R 3D B, ff E3D-LSTM fHHE f sk b = W:;S:t T9B) 1548 7 MIM (Memory
In Memory), A A3 #8501 FR b i AR~ AR AT AP ARk
al LSTMD, LT % [RIA fifs B e AN £
B, Yang et al(2023)#&H! T
T8 R RAH AR TR 2 [

PENLuo et al(2021)#EH T —

FEr ) PFST-LSTM .51 (Pseudo Flow Spati

TIEA TR, (EX AL — 2R BRI (D) B ABIR ARG Z
RCAERLSS, ASBEAH LA B AR L EAE R . (20 FlE TN RI
S BCAZ St T AP B IR DR 18, B4 i 23042 B e AR A A 22k [ A2 62 S AT e %1
FAAFICAZ o IX L8 [a) T SO B 8 R MEAT 55, BB TO0I I (8] AR n, 25 32K [l 98 T ) P45
AR, SR B R A [ DA VT SR A SS, SXKOKRE T A L

Efxt FaR i i, ARSCEEH T R SRS AE B A HLHT A 2 LSTM 5% (Spatiotemporal
LSTM Model with Context Fusion and Attention Mechanism, CAST-LSTM). ¥4, ASCHEH
T BT SCE A, A RO ENR 2 RN 25 B e BRSO R . AR, R T —
FAREE AR, G P 98 R AR TR PRI TR IR B2 45k, AR TR IR B 2 (N [R5 U2, o REIX PR
PSRRI M2 e, MRRER IR m, JCHORAE R X
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AR FATHW R 55 1 1A S50 BT M ARUE Moving MNIST 42 f L S i ik
[l R . 5 2 WA EASHR A 9%, 55 3 TG0, SR AR IR i 45 R HEAT 6] B
T ZB 4 I A SRS HEEE, JF B AR R TAEET TR H.

1 Hds

1.1 Moving MNIST ¥iB&

Moving MNIST #i 8 f i 2 5 51 FINAT 55 i e Pl die ) V2 (R i 4, 7 PR AV LA
JINBCr BN S, BoA g, iniess. E40. RIS, & 20 MELM
I3 = A Hor 10 WA TN, 10 WA TR, AT RNy 64 X 68 IIZREE A
1% 10000 MFPA1, BRESR Sy 2000 N4, JIAEE Dy 3000 451 A5
B BT A B0 DA R 0o I 2 3 27 FROIAE: 25 PR R o A FH NI SR ) 1R 2 %k A
UEAR R AR T S AR S B, AR BRI B e s ) A I o AT P e

2 BIEYIESE

RS VLI SR T A B SR A B TE L5250 T I BRI AR P B« B 42
2019-2021 4 4-9 FXHTJ57 4 H5 S e Bt 50 2 0k T s ) J L X 3 s 75938 ) S 0l 45

B RENTLRAE XA, 28R R B I5 B S 'H’E IKFEEIE A AEA . B AT

[ 070 (il dBZ), KT ﬁé’

(4 /\E) i 1a] ) RE 6 708, LI REL
P CHIERSRIE Fr) EI’JI_H‘%RT‘ A’J

TEARSCH, REdE A 20 SKIEIKG A 6 2B LB BAE N — D FAREAR . R
FIREA, T 10 W}M,/}ﬁ 10 SRR Sbrim i, RIARYEIE 2 — ANk il
%%?Dﬁiﬂﬂiﬁfﬁ:d\ﬁﬂ“ﬁ@%% R FPAIREATE 4:1 LBy il ZRbe A MR SRR A,
IR 21103 41, fadnflE 5275 41, {8 IR AR PR BEAT I 25, A A
%ﬁﬂiﬁﬁi)ﬂﬂ‘iﬁ\wﬂa?*ﬁ%ﬁﬂi?&ﬁ%‘%ﬁ?ﬂ@vlléﬁniﬁ%ﬁiﬁ%, PRI AT DA 75 0 2
BV ST RE IR R -

EHILI5 2022 4 4-9 H&EHEETR, RS ESCHRRIRAE T, Akt iFk)
g3t 5143 4P HIREAS FH TR0 S0 IV A 1 e A AE S Bl 45 i) AT R A%

2 BikAhik
AT CAST-LSTM 8, 54 R SO G, S8 )5 by & s, Jf
R AN bR SRS AR E AR B R N B ST-LSTM Bt fa, B HATIR T
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CAST-LSTM #5 R Fr B AR S HESE 4 .
2.1 ETXR&EIER

FEHRT LSTM HIRE% (41 ConvLSTM. PredRNN 25) s B HHIATT. BT, MA
A IR DAL TR AR, X TR RN X IS RTRRBOIRAS H L A
HRNEHER G ATRRE, X R H L Z AR () ARESe R R &R, 1R 78 A AR TEE IR

JERIRRSR R Rk, XM bR ST A3 R 00 PN 45 R A e Ve 25 o0 s . LA Y
2% 2 N Sf T R BIR 25 2 T A S 1o A AR AN S A B pt s . A R VR E PRI A6 0

2 AN S AT BRBCIRES 2 T (B F SCR R B PGS, 0K 3 SR A 1 lﬂ
Ko P, ASCRE T —Fb LN SR AR, W 1 Fs.

___________________________________________________

I’ \\
4 \
H —" Channel (= Conv — \
H! ! conv|1x1 Concat —_— i
_ + 1
1 H 3x SD L !
1 - 1
1 1
H 5x i 1 A
1 _ _ I |
i ‘1 o H,
i 1x1 j % :
i Channel - [
X, i Conv|3x 35 Concat Conv N
e i t

S B R THCIN G [ AR S 15 S BRI K, BRI Sl fe BUE B
(9 B SR, 1) TS RV Rl TR AR AL B R A5 S o BRI, AR RGT B s A &
LATE 73 $ U 38 [ 5 P A5 B e i ) 20 FRUBE IS 2 S AR R » T S MY 45 2R 5 2 ) 2 A TR 78
TSIV E . PRI, ASSCHRECE RSO R R A RHE I A5 (1D fos:

X, =Concat(W, " * X,),k =1,3,5

. (1)
H,, =Concat(W,* «H, ),k =135

e FoR 4E R, “Concat” FaIBIBDEE, WS ok X, BB, W RxH 1

BRUWL, kXK ZRBBLRT . B, BAnimA X, MSERTRREER A HY 2 BT 58
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B9 1X 1. 3X 3. 5X5 R, I T SUE B AN E REE RTINS R S5 7
AT HEIEHHE, X5 X ESHT SRR AR IEIR IR, 152001 H 2 RERHIE S 2 24 i

A X, FSERTRARORES H,,
SRIG, F 240N X, A RTRERUR S HY ) TR, N T 61 BRR A%, A
EHTTAR (2) Prk:

UX :GMXU * Xt‘)
U, :6(\Nhu * Htl—ll)

HiU RoRSaim 2 X, gia], U, etz - fa], “o”
W, Fom X, BRI, W, %om H | SR . S8 AT 134T R

X =U,e W, *X)+(1 U)e(\NhX

H',=U,e W, *H)+@1-U, )1
H “O” RIRMESORIZH, W RN )5 K

B AT, SE R b SCE BT NG T B B S EUCSE R 40 14 22 UL I A3 R

IR A TR B S G AR, e Tl

2.2 FEIRIR

AN T BRI (R SR e

N T DR R K Wi /D15 B AE AL 3 RS R AR T — A

TER B, B 200K . A PO 24 B i 20 2 TR S MR sk B % 2 e R 2

M7 (z =1,2..,5) (R R B BCTE R AL, HHOC REUEC R W #1058 R DI RE K

B R R B S ERCAZAE B T AN FREEE R T, IR B L e E B R AN

SRRV EDSS G, TO R TT T DA B B8 AR R S R RN B 2 I (B B s . AR A, i —

S KIS B C, AVEIRHEAZ (5 5.CL Bl & i 2 R 215 B .C,
B, AT 2 LR A MU 5 sk ) R S MU (7 =1,2...,5) 2 Tl A S P R

T3 8, A (4 FioR:

M =W, *M)*

. 4
a; =Softmax(M;}-M’) ,7=1,2...,5 )

FEAM, 2 0=18E, M =X, M =X B, WO MY BRI, 47 Rk
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BUGSE, .7 FoRABUSHL, Jot M T ERUSHAEIM . HUK M AR5 2
L 2 AL M (r =1,2...,5) SBUEH, SRR Softmax S s —25 14— 167
RSIT

9T HE 22 3 SRR P ok 5 S 15 L CL, AT MR, R4 o, BT AR
RRRAIEZ BT, MAR (5) Fim:

Cattziaj'ctl-ja(r:&_’) ®)

Hrp, Cu TR A RNERMER, RE—MRIizahEs. Hl

S PR 2 R AH S P A5 (0 5570 23 BT BLSE A 1) A e 3k OR B S I i A2 5T

B8
NTHBEREKWizshEa#EE Can$D%EHTLKJJ1n¥ , MRETIU, K
PRI RS2, A (6) Pios:

U, =ocW, l
Cemu =U € Ct|—1+( f)e Catt

(6)

RN Iz ST, “o” FRon sigmoid g

I E o, B -V Rz s E

|
Ct it-1

/ :

' Softmax &

T ; * C
-1 4 att
. 1

Mt ! - Cemu

! Attention Map

1

1

1

1

1

|

\

N Attention Module

=
Mt—::t—l
Bl 2 R AR 3 = e

Fig.2 Attention module embedded in model
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2.3 CAST-LSTM #3T

TEA/NT T, HSr4] CAST-LSTM HITHI N 41 . a8l 3 s, CAST-LSTM HITH)
DN (TN PNl 1R Tal vAY: 570V N 1 RS VA 5Tl oM 5 - &4 R R TS VA% Y RN /i1
LA HNEAZEE M FIBEREIRES HI ™ 4T X RIBEEIRAS Y Jeilid bR ol e s
SR [F] R (405 I 2 A JE AT 13 R R, A3 BB N X FIFeIRES A 2475
ECAZ B TE M L P A2 M, IFERSIZ IR C L s Ee iz C L 1EA
R BN, ARG EEICIZE T C,,, » CAST-LSTM HItHiHE z0& Fiws:

X, H L, =FM(X,H/))
i, = oW, * X, +W,, * Ht[l +h)

g, = tanh(W,, * X, +W,, *H', +D,)
f =W, *X, +W, #H' +b, )‘A
qugHeM@y“w
i, =oW, *X, +W_*M?+b")

™)

Hrp, “FM” o b P RMERIIEER, 0 N AT, 9 N

NP 7S ik (DN WP NP/SE it (DN LT P ASE it i 9 YR

o MNE TN € FoR EH IR FCIZ A, M| RN RHCAZETT, W RIS R
BRI, b BRI WIMWEM. “*” Rom 2D BRIEH, “O” LR IRER, “6” £
7~ sigmoid BE EREL,  tanh R IEVIROE R, T 2P e P REHL, 7E At 7

i, Hi=1 iy, M=X,, M?=X,

_r°
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C, M,
II', ‘\\
K \
I
i " |
H H,
@
1
H
—®
1
c !
| t-1
Ht—l, """"""""" Hll—l
_i Fusion : N Q? ()
+{ Module {1 | X ]
| X \ "
\\ ll
-1
Mt

3 BN SCRER AR KR AZ BT N R S
Fig.3 Internal structure diagram of context fusion attention long short-term me

&)

FALTT AR 2%
), TR 1) S (]

2.4 CAST-LSTM [M4£& L5443

CAST-LSTM H2 2 (1 2 25 i an 1] 4 P o il ME & VU=
TEM G, Wy “2 7 I T7 1A 3 3T 2 (R A7t 5T Mgt 2

A

A ERTC C(UE B TR, THUZ St TR X .

)
X, Xin X
C4 C4
—| CAST-LSTM tl CAST-LSTM t4 - CAST-LSTM
Ht—l Ht
HI| m?
cl, ct
— CAST-LSTM : CAST-LSTM ‘3 CAST-LSTM
HH Ht
2
M 4 HI Mtz M 4
t-1! c? t c?
—{ CAST-LSTM | CAST-LSTM ——| CAST-LSTM
b Ht_l 4 3 Hl 4
He| o |My
Coy C
— CAST-LSTM al CAST-LSTM a7 CAST-LSTM
; t-1 t
Xt—l Xt Xt+1

4 CAST-LSTM [ 45 {52 74 45 4y
Fig.4 CAST-LSTM network model structure
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Gy I EAT SR, FE 2022 4 4-9 HVLIRAE AR A EHE Lk — PR SR Iz A MR R AE S
Bk 55 th AT A, F S B AU oA 42 ] 4 Fos S A T DY 2 CAST-LSTAM HTG,

FA T EE R E S 64, EEEEITN T h AT ERUREN SRS, B
KANEE N 5X5, FrA AL T Pytorch HEZE EHEATIIZRAIIIIR, SEH7E NVIDIAALO
GPU ESEI, iy N R R /N B2 A B8 BR#1 Cn GPU S A7), AL Hh 5 Y i A74 21Gb.
et Adam TRAL 2T A, HS TR EE D 0.0001, Wk A/NEE N 4. AT eI

£, 7E CAST-LSTM N GEREZ FHEHZEH—1b.
3.1 Moving MNIST 523§

311 &R 554
T VHEPERE, ASCRA T R TR bR, R TR 2 (Meal
SER LT B (Structural Similarity Index, SSIM). A& MSE A%

T tERE, Wk 1 PR,
*® 1. TRIFGEEHD) MNIST H#E5 (10 frames% mes) L A% R
Table 1 : Results of different methods on moving MNIST datasets{(&.0 fr%s 10 frames )

Method MSE/frame| 'SSI me?
ConvLSTM 3 0.725
PredRNN 55.8 0.866
PredRNN++ 0.895
0.905
40.3 0.913
353 0.924

\ cAshLSTM 207 -

AR T-LSTM A0 T HAh Ik, JCHZAE 5 WA ()5 e (R 0, 4
5 fizn. CAST-LSTM WZRGFHIAREA T &7 (7R AT, Rl AL B S (s, OREE T
B I ) AS AR 5 T o AHEL#Z R, ConvLSTM. PredRNIN 445 il 45 AR R ASFSHER, 1%
Wi AN A S AR 77V AR RE AT — i IO TIN5 AR, (ELFE A S I 1] 25 F) T 22 2 o
CAST-LSTM R LALREE ST 2 (40715 5, FEA7 B BRI (8] S 77 TH SE A R 35
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Inputs

Ground Truth

CAST-LSTM

PEST-LSTM

E3D-LSTM

MIM

PredRNN++

PredRNN

ConvLSTM

Kl 5 AIFTJ5 AR 3 MNIST $dfs 5
Fig.5 Results of different methods on mobile ST

2 BIRHIRESIW

A SIS S DL AN TR 2D i W 52 4

FEONIEIRE 6 7 B S TR IA TR, HIAR
3.2.1 B
FEVEAL T, AR ST F I

(HSS) fRAFRIFALZE KL ik, A PA
R % dBZ, 1/ /%v\}

dBZ p95/ 255 (8)

U R AN TR) 25 O 5 2R o AR SO Bt
i 25— ANINIT AR 45 SR TIN5

ritical Success Index, CSI) FlI Heidke Skill Score

o Hi T SR TR e 5 PRI R R B p e

K TN [e 5 e A1 b TSI P e e o — AR o SR R TR IR K T4 5E
B, MPEHR AR ERN 1 BIEES 0. KBRS Bk 2 fios, THE E B F
TP (F=1, BEAE=1. BFHMEMNE FP (Filll=1, F{H=0). HEFAMERIE TN CHi

=0, FEAHE=0) AUEFAMETGNE FN (Fijil=0, HAH=1).
=2 HIBR

Table 2 contingency table

T T
B TN (True negative) FP (False positive)
B FN (False negative) TP (True positive)
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CSI #1 HSS I BEAR AR W ARK (9 FrR:

TP

TP+FN +FP )
2(TP xTN — FN x FP)
(TP + FN)(FN+TN) + (TP + FP)(FP + TN)

AU, 4rik$E 10, 20 140 dBZ fENRIM{E. CSI Al HSS 4G EE, H5E il

RN, U EB RS . CSI AT HSS MoK, PhREMLT .
322 X554
K3 ERTELHAEEREEANH HIEAFHER ., TLLER AR B

CAST-LSTM #EBI7E B A BIAE 1) CSI A1 HSS PERE AR, F FLEH BE 103 My, B2 (141

CSl =

HSS =

TXRRRAE FF R 1 1T SCRA AR 735 BT BT 42 o) e R 45k 16
= 3 FRIFGETIMNE 60 5350#9 €SI FnHSS 3T 9%
Table 3 Scoring results of CSI and HSS under di

cslt
dBZ Threshold

10 20 40 \WB\ 10 20 40 avg
ConvLSTM 07331 04914 01545  0.459 07119 05291  0.2193 0.4868
PredRNN 0.7415 0. 04761 \ 07172 05446  0.2338 0.4985
PredRNN++ 07472 0. 04846 07162 05516  0.2589 0.5089

MIM 0.4874 0.7213 0.5501 0.2785 0.5166
E3D-LSTM 0.1738 0.4804 0.7259 0.5472 0.2275 0.5002
PFST—\\ 7561 0.5207 0.2156 0.4975 0.7294 0.5588 0.2832 0.5238

chsT %6 T e —
T B R, iR T 6 s i) CSI A HSS TEA [F] Pk i 21 R As 4 th 42
BR B AR AEAS RN ()20 N B ERE . W LAE B, ASCHR AR AR B AL T AR Y, AR
40dBZ B ZE PRI, JER& CAST-LSTM fN T bR SR A REANE & ik, B R C
R AR 7S 7 BRI A) R IR 22 A5 S, B b SO Sk VRS B AT DU BE 58 f1) B 32 35
BANE L A, Wb TERER, XA 7RO R . Bk,
CAST-LSTM ] LASE 4 f) 8 B F000 45 SR O 15 1k, 76 9 ] g [X 3 ) F903000 45 SRt 3R 3 A B8 A
Ak, PredRNN F45 R B e LEASCHR OB 7, JCHRAERBIE T . XKy PredRNN
FAAEA T PRI SCH A BAICIZ 5o f5 B 2R B M el e seAh, BT Oh A X 5%
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(a) The CSl as threshold=10 (b) The HSS resh
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ProdRNN B8N
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— MIM a7 = e
BIDLSTM |2 - — DDLSIM
IS8T | 3 g IFSLIST™
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(3) BI1E N 20 K CSI 254 \\ (4) BIEH 20 1 HSS 221k
(c) The CSI as thresholg&2 , (d) The HSS as threshold=20
\ CimrLSITM i\ Coml STM
\ PradRNY A\ ProdRNN
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