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Abstract: In recent years, deep learning models has been increasingly used in solving
nowcasting problems that have a large impact on disaster prevention and mitigation. In
this paper, we took nowecasting as a spatio-temporal sequence prediction task, and use
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radar reflectivity factor as the test object. We use TAGAN deep learning model based on
GAN frame to predict the radar echo image of the future 1h, and compared it with
Rover optical flow Method and 3DUnet model based on convolutional neural network.
The radar echo data set of the 2018 Global Weather Al Challenge is selected for training
and testing. The test results show that the TAGAN model shows advances by multiple
scores such as the hit rate (POD), false alarm rate (FAR), critical success index (CSI),
and correlation coefficient. The TAGAN model performs well in the above test scores
and increases with the prediction time compared to the traditional optical flow method
and the comparative deep learning model. Compared with the traditional optical flow
model, the improvement effect is more significant. The results may shed some light on
expanding and improving the application of deep learning models in near-weather
forecasting.
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SXoF UL B 7K Al 3 TR A 3T DASKR — L& R AR ) — A AT PR . H A,
HAE 0-3 /NI PR IR IR AT A AT 9 T4 R U A Y 3 AR & R U ik u iy
BB h  PUdE R R BUE AT, E Ik B A AV i i T Y 2 T B
CRT/NEREE, 2012; FHEZREE, 2019). LS00 TE IS IR AMEE 3 202 0 IR ER
Wi BE ML A K AR oy [l SR ER SRS (WRIFTSE, 2007; #hd 5%, 2007; =&
S, 2019), LRI REEOR, ANk ORI 7 Ry LR T 1 kel
W CEHEFEMEE, 2015; HiE5E, 2008). (HALSEH 7720 K I 1] 1) Tl 25 A
fE, HASBEAR G A e 190 ARV 1 O o

AR, RS IR e A B T AT 25 A 2 N A (Oprea et al.,
20200, H:TE IA ML TR AS 5 — AN 22 PR A TGIAE 55, Rt AT B — A
MBRTRIATS5, LA 2 i 51 7 3k [l g AR Jofian N, 00 R K B 7 I8 (el ipe I, AT
A I PR P 2 ST IRIBARA R e 3 T  [) il — MR AP ) S8 . Shietal. (2015)
{# Ff} ConvLSTM #5%4 (Convolutional Long-Short Term Memory) 7E 7K Il 3 Fidi
RGO, IZR AR A CMEE LT FC-LSTM (Graves, 2013), Hi#
TR TAE GE 2L T O6 IR B R — € R0« 12 5 SR st i, Shi et al.(2017)
L& T L A e R e, ol B A B AR RO A TA) Y R 45 b 2
TrajGRU(Trajectory Gated Recurrent Unit), Ff AR B 22 SR RULE Il 0 P4 70 . FH
Fefit TR 22 m O BT B SR . #hFE4E (2019) i FH ST-LSTM HonZH Ak
FRIATE A 22 90 24 T30 A R 2k Ml A 16, JFE T 45 R B AE SORE SRV AE B TR ik L
BRI LT, (H SR BB A O IR BCR A KA. RS (2018) fEHahES
TR W 2 AR AE TR IA [l AMEAT 55 h AT 1 2, A TR G AME T IEA
—EHRTE. FREIHAE (2019) HISLIGR MR BE 5 IR AL 2 AR G MR A HERR 22
EHEURRIRT. TR, RS E SR 2 RIE R LT R, Bk
[ 30 S HEAR YR 22 2 G - A 2 A, T RS 2R ) SOt — B P R . — Tl 0 2
f S S M BEATAE YT TE . A0 AE G 65 AR A S O K A N N VE R DR R, B
Star-BridgeNet (Cao et al., 2019) 1 fifhth i oeid B4 th i 18] 28 2 [ 3407 2.
TN, A X EEA ] RNN BRSO a9 - Fa A e Fa BE AL A2 A
MIM (Wang et al., 2019).
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MBI R (CNND, ZIRTEPZI AN, HERERE R RRE ARG
Bl L 72 BAE 2 T VE BRI R G [l 2 ) e A A 32 2 R . % T RNN
BRRL, TR PR R RAT AT BB I TB) AR 22, — D5 i 3 DR SR TR R i 8 A R P X DA T
M, 55—7J5TH RNN B FNARR T b — e B, Rz Al 2. A4
WAL (GAND J 55— MEH SELBLICHE S5 oh A RO, €3 i
SR ) 58 1 2R ST RO SS9 40 . 10 Woo et al. (2018 HFIFI AR
RE R IR, AT DASE s 22 N 28 1A [F) ROEERFE SR BURE 77, SQTE S L RF k41
WA EERRFE . 53— J7 1, BRI RGN DA ReA LR BRI, HIL
XF CURHIN ZI 1B 2 8 1AL B AR A L SIS ATRF A B A 2 RE 0 DRI E AE A4
IRIE R g By B (PR R TR ) B AOGIRVEZIEAS B, AT HR T i) T4
16 SRS S (PR 2 O o Tl L 10 N Al W S E D R o= N e = 5 D I L
(Two-stream Attention GAN, TAGAN), #IE I THEAALGEAT 55 o FH 103 =
TSI RN 12 a5 B DG, A2 1h i d ik [ 5 R Eesis Tt
KK 1h BRI EAS , KRR 5 Woo and Wong. (2017) 2 H ) Rover 28 7367
7% (Real-time Optical flow by Variational methods for Echoes of Radar) 133 3D
LR L) 3DUnet BARLBEAT X EURS SR, &5t 1 IUaAAE b Ao B 25 SRR IR
ARG AT EE R, ot 17 B BeR 2= 7 B R A

2 BWRETE
2. 1 RIEFRIE IR Hm Fisb 2

AR SCAEFH 0 Bt S R PRI TH R R 5 i R S B AR 4 (10 7 A s 3L 1)
AL (hrAEER A KSR 2018) 1, i HdE SR h 32 U7 A IS E A Pl PR A K
FEAR YRS R ECAT 1 h (816 6 min 3t 10 Wik I A OHREFD, BlE 1 h
H5 10 o fml5 P, PRk 1 BAT B B R R AS i A2 b — AN IR A 10 dBZ
PAERIEAE S 209% 0L BD IREAS (3t 2.2 THAFPHIREAS, sk IU4E A ARS8
AN B A% S B IO B R 3T 73 B E B S B N ZR AR B KR
N 20 B AON 10 (I EEAT DI BRSNS 0 ARSI P SIREA, AEIIZRA E
IR R VG v ]| s S E vl e syl e = N i 7) S w1 e SRS Y e S
3 2 FTHFPHIREAR LBy 8:2, TSR — 3k 2000 P FIREA o DAy [m] i

1 https://tianchi.aliyun.com/competition/entrance/231662/information [2021-1-05]
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2/ (RNN), RNN JEAF I Ballas et al. (2015) 21 ConvGRU
(Convolutional Gated Recurrent Unit), ConvGRU A4 F:
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R = O'(er* X, +W, * Htfl)
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Fig.1 TAGAN model generator model diagram
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W 1 Prongmtdie i iim =)=, & JZ#8H RNN (ConvGRU H#.70).
R ERAERZH R, R — 5 R B2t AT b RRAE, LA
RN ZR A AP AR AT DA SZ O VE T N, 5 — D5 T AT ASR R [ s H AR 4 2]
RIS S Hrh gt s A A i ConvGRU It B AUZER 4y 64, 192,
192. W ABUEERm I Im AL 2 FE AR, SR RS MmN B idim, 2
Ao PR A S PR R TR 1 B K [ R AR, A AR S R R, A 2 B AR A 4 i
— 2 AR 45 S 0T LS G L 25 i Hh PR U S ol

N 2 Pros SR ZRHE SR HE T A2 B Hii M 2% (Goodfellow et al., 2014), GL4%
A liAE (Generator) F1FI5I%E (Discriminator) PB4y, IZRid e A pli a5 %
il g A EE NG, B 2k B I AR A wT DA B B SE 0 o BB N BRI A
REBH 2D HRE. tEIH—1LZE. LeaklyReLU (AR E N 0.2) B K
B . GAN IEBEINAR (2) FiR:

ming max, V(D,G) =E,__ ,[log(D(x|c))] +E, 5 ,,[log(l—D(G(z|c)))] (2)

Forp AR R ) R AR R A LS ) B Tk [0 8 e 40 DA T O i ) ) s, ) B E
A2 R T BEH X 43 HH R AR S AR 3 B SL ) B ik Bl P 8. ¢ Rontin N\ ik A
W5, D(X|c) FRaa%nl#ent 5B i IMER, D(G(z|c) R Enasxt4

Jol e T 50 e o L O ABE S

R IE AN AT A At (AR A ) SE, DA K 2 B A S o
N RAAHRIE B EE, 11 TAGAN £E [1EEE A I 1 Hoxs R Z)
IGIE IR, BRI AR AR 432 52 1) 50 AN i 26 I 20 g e P o G A — T T it
N T PR CRIER [BIED AN CiE B, 55— Jr DG B DG 2 T 215K 1
VEF s R R FOU 10 Pk e 2 B /0N (0 e R B BEAT R 9 o [l 1y 500 R R G I Pl 73
MR MERZE 2 SHTRHMERN G, e BdRnaid BRE TR
YRR IEEEGE N ConvGRU H#7t, EYIZR MR 2K T AESRE T IMAE T
B (Heetal, 20160, &= GRZIRIEEKIRES . FIa A TEME
ki, JafEH sigmoid p&AHEGE, HUETEFIFE 0-1 Z 18,
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BEAh, AR AR BRI Z R H CBAM (Convlutional Block Attention Module)

FER IS (B3, 1ZA5HUE Woo etal. (2018) 2 H: (¥ R e & Ty,
AT LA b N 203 R R 2% AT 2 s DX 248 AP AIE S B RE ), o) B BERR AR R
YER . 140, TEAS[FRh 2R B 7 R HIAT S5 1, R T 0 2R 45 SRR i e K 6 70 7t
re G TR S B RFAE M AT 56, VER BT DU 5 P i 0 20 i AR AN 55
A . CBAM L& I8 IE T & A 22 (83 R 0 P AN, JEIE A0 28 (A
Bk Y 4 Ry~ 294 A0 i KB SR TH SVE R RO BCE R, K 3 I 4 A R
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Fig.3  CBAM module structure diagram, including channel attention module (left part) and
spatial attention model (right part)
Bea, TR G —E R self-attention V£ Ik (Zhang et al.,
2019), ZMRIEEH A 4 PiR. 1285 CBAM B IR, Htb
S VA 7E SR AR RFALL R ] Ak 75 BN 55 T AN T B 1) 88 i ) 4 R UL 472 5 A2 e ) i
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71, BB ERHIE E 2 id = 1< SRR 20 5018 2 = ANRFL I, S8 AT AN EE
LT attention B ZREE 5 55 =AML R [ ofed2ods SA5 20V = 0%
LW, fo e T R AE B 5 SRR A B AR NS 21 e 2 Y AR AE I, B
Ben LA BE A B RRBOR R . T BESE AT EIT A ELBOR, i EUBCEE 2
FRIFRIMAEERRZ (a0,

If-attention feature
maps (o)

4 Self-attention BREEHIK, oFRoRHE I RILIZH

Fig.4 Self-attention module structure diagram, © represents matrix multiplication operation

FeT BIRHIARAY, SR [l A AR B P A R AR 10 ot el
PRI RO IR G 2 — R MR G JE A CBAM iE R I B A HEA
ConvGRU #i7t, 4kify LR AHENEE RN =R, B =2 FTEE
4 Self-attention bk, A 55—/ R 25K ConvGRU Hot Uk 141 0,
W A5 2 b o i 23R A R 3 5K (iRJa —MIRFTED2E 3 )= ConvGRU fir i 1 F&
WRAD, 1X = AN TR B AL B 35 IR AE 21 = 4 10 Mo [ 98 5 DA Bk NG I 3738 78 A
B DU BIa A IR U IR A BE N fif i 5im 3S B2 F) ConvGRU 1, £E fiff it (14 T 55
HoRMNE =201, % =JZ ConvGRU I ARG 0, BUIRZS K B XS MLJZE
% i ConvGRU, Hiiit i [ 5 dbsm Al e, G AVUZ e BB REAT FRFE
R RST B0/ IN Rk P A D TN ) [ 38 PRI AR 5 £ S S 3N P IS TR 20 i SRR s
— I Z2 A BROIR S, XAy FUAT AT AR A P 1 o e 2 At s 2 it 10 1ot
I [ 98 VR, 433 SN P ] 5 5030 R 2 [ 5000 0 ) e N [ B9 52
PERE NS REAT YIS, A0 & B 170 A 1 O P AR e e N A Pl i (B AR R 5 4 )
TN A s S BTN, BRAR R A B N 0.5, RIVAR et AR B [ 35
Haik 2 7 UMBEEL I RCR , SR A RE LUBCR IR ) R F2 R, 4
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TE TR KRB TR AT 55 v, 6 P R4 Kk B O P 350°F 7 1 75 (MSED R
YT IRZE(MAE), HIZ N0 5% bR U 2 i i T R B Ak, R T SEAF IR A=
s PR SERE Al ) R SN T AR A58 52 Z= 451 2% e i (GDIL) A1 SSIM i 2k R £
SSIM 2 THE M 7k A A LR IR R B, g Lan R

SSIM =|(XyY)'C(X-y)'S(X,y)=( 2upt, +Cy J( 26,0,+C, J( oy +C, J (3)

2 2 2 2
Ay +:uy +C1 Oy +O—y +C2 o-xo-y +C3

He 1 (x,y) N FEERIAE, c(x,y) JR EEAHBAEE, s (X,y) NEEFIAAEE o u A
A XAy BPPEHE, o, Mo, W2 xRy T2, o, 2 x Ay 52, C,,
C,» C, 2 dERFEUETH AR E I & 2. INZRd A i SSIM 5125 i %X (Zhao et

al., 2016) I RHA Y AFIEE, Y AELEIEZ.

L. (Y,Y)=1-SSIM (YY) (4)

W ZRISAE 1 G AR 22 450 2R R B0 S s, Ferb i A0 j DA, AENZRIE AR T o
HY 1.
Lgdl (YA’Y): Z”Yi,j _Yi—l,j |_|YA|] _Y’\i—l,j ”a +||Yi,j—1_Yi,j |_|YAi,j—1_YAi,j ”a (5>
i

PUE R ENTE g
Lagy (V.Y) = Lo (D(X 0, ). ) (6)

Hor L, A U RS D ORI

5.5 AR VS0 o 8 D B4 2 R 5

L(YA'Y) = iadv I‘adv (YA,Y)+j‘pr (Y/\!Y)+j“gdl Lgdl (YA'Y)-F/1 L (YA’Y) (7)

SSim —ssim

KT IR REL,, #412% (Isola et al., 2017; Mathieu et al., 2015), L &

p
A ] MSE F1 MAE, 8 e F4 [0 5 A1 3 B v O SR
2. 2. 3 X HOBERY

Unet /& I 7 #1800 F IR, 2 RBERL & I 2500 T s o R
B RUES o VENARUCEIR X LU ERATTR A 7 Bl 5 J T =4E4 111 3DUnet
A (Cigketal, 2016), FEFFURAAL I ILAE EXTIERIREE, BAZ SO KT
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Fig.5 Conceptual schematic diagram of 3DUnet model
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3.1 R

TAGAN HERI ZRfi ] Adam T4k ds, #1457 > FARAE 2 AN A 2% 2] 2R )
PR R PR, B FEEE MR, SRR S 2 4 epoch HEIH
0.7, VNG REF KA 12 IEMZH, IR early stopping, 4%6iF&E 4
RRABUAIESE 11 epoch ANTFEEAF 1IEIZR, SIS AR t b & R/ lide % 2
BEAT ISR, ROREGREAMEHME T — RN L. g f 22l T
DCGAN (Radford et al., 2015), WGAN-GP (Gulrajani et al., 2017) 245 [F] GAN
IR 2% R BORTN 505 20, R it Rk AR SR MO0 I Rl R B, A
A8 R 2% R 0N 2RI AR H A 5 S ORI, 75 BEARLII ZR01 3 BL MSE 5
MAE 51K B EON 1 SR BRE AR5 FRREXT U451 2% B8 B D S Ok e B0 AT
M &Re MENFEES LERTY 3DUnet R Ad ] i B {737 5 iR Z AN B a0 1R 72
TE R AL, BAESE 45 B TAGAN 4% 7 10 75K, 3DUnet X1 6 /3
Ve
3.2 RWTEEER

Ml B iedRtn R AR P HE KR (POD). EER (FAR)
PRuRAR A DL S i A B % (CSD), LA HSS (Heidke Skill Score) #¥57¥7)
(Hogan et al., 2010). &Arda4ads it H A X
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cSl=——— (8)
TP+FN+FP
POD = i 9)
TP+FN
FAR = P (10)
TP+FP

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

Horb, AN ROVRIEFEFE SR 1 Fron . ARIEASFE A IRE R, 1% Bl At
FARIR TR bR . v 1 A O U R N R RORIE THER T MSE. MAE LUK 25 ]
L

HSS = (11)

1R

Table 1 Confusion matrix

T 12 T 412
PURIMEES TP FN
BUMIIRTES FP TN

T2 MK I6 45 TR, ASCHT R TAGAN B E 10-40 dBZ BI{E T I
TR IR EL. Arth A HSS W A S TALGORIIE, T T %% FAR X —
FEHCH PR B 2 SR I FAE Gk . FElH, TAGAN FEALTE A K 30 min
1160 min [FRINEE > E B EAL T 3DUnet B8, 4k, % 3 R, RESSIH
G H: TAGAN A7 26 P34 (1) 6-60min B4R -1 1 7 15 2 A ot i 2 A
W RACTOGIRIE, RN (A AHOC 220 TAGAN B A i, iX R B TAGAN
BB BEAEA SCI) =R 7 i il . Feda i, 7E 40 dBZ BI{H T =FP 2L 1)
PSR IR 2, X 0T 58 5 IIZRreA b o [l B M A o0, A FEAE TUAL 21
i) © 2850 B AR R AR EAT I e, (F 52 PR T S B AR ) R B B RE AR A 2D

(5.7%), 3BB[R P i) e 1 R AE
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R 2 MK IR L

Table 2 Test set comparison

30 min T 60 min T

Model 10dBZ 20dBzZ 30dBZ 40dBZ 10dBZ 20dBZ 30dBZ 40dBZ

TAGAN 0.71 0.66 0.48 0.16 0.61 0.55 0.34 0.08
Csl 3DUnet 0.66 0.60 0.42 0.11 0.54 0.47 0.24 0.04
Rover 0.63 0.57 0.40 0.15 0.52 0.44 0.27 0.06

TAGAN 0.20 0.23 0.30 0.39 0.27 0.31 0.40 0.51
FAR 3DUnet 0.27 0.29 0.38 0.56 0.38 0.40 0.53 0.75
Rover 0.23 0.29 0.43 0.66 0.33 0.41 0.60 0.82

TAGAN 0.86 0.81 0.60 0.19 0.80 0.71 0.44 0.10
POD  3DUnet 0.87 0.79 0.54 0.13 0.81 0.66 0.31 0.05
Rover 0.78 0.73 0.57 0.19 0.70 0.63 0.43 0.09

TAGAN 0.78 0.75 0.61 0.25 0.69 0.65 0.46 0.12
HSS 3DUnet 0.71 0.67 0.53 0.18 0.61 0.56 0.33 0.06
Rover 0.72 0.70 0.54 0.24 0.60 0.54 0.38 0.11

R 3 MBI

Table 3 Test set comparison

MSE MAE COR

TAGAN 2046.30 8513.19 0.853
3DUnet 2610.69 10372.13 0.812
Rover 2922.36 10427.86 0.793

Nt IR =SR] T 100 T 5 a7k R 1 Tt P e 6 szt
30 dBZ BEAEAS T4 =R 7Y FAR Al HSS IR A - 175 73 £ 6-60min (1 [d]
k. FTLATEMTEIAE tH, 30 dBZ BIE T =F 71135 FAR J2 H 2 iU Bl it
[ ZHE 0, P35 FAR B Z Sk TAGAN, 3DUnet FDGiE. —=Fiirik
HI~F-5) HSS Bt [A) U IZ M PR, [ 2 Bl BE I R] T 19 00, TAGAN ~F-¥J HSS
Wi, 1M 3DUnet £E AT 30 70 B TR, {H 30 708 e PEREZE TOtii%.
SARE, TAGAN 5L ) ik fe 7K ik R 000 8 e (< IR B S 2 1 FoAth P b 07 2%
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Fig.6 The average scores of the FAR and HSS test sets of the three models under the 30 dBZ

threshold change over time (broken line). The upper and lower bounds of the shade represent the
upper and lower quartiles of the scores of all samples in the test set

N T EINEANE AL R AN IR A 2 T ) 22 5, S B DY A9 X AT
6-60min FIIN BIRCRAEVEGH M7 o 1 7 B Seda 1 IX DY LM £E B Ja — vt (60min)
{1 N il Sl =Ry 5770 1 ) Y 2 (R R W s Nl v R 2t 5/ s N 0L b U
AMPIARA /NI R BT R G B LRI . DTS, DG R T I 5 e i
(HEG A IS, HUCh 3DUnet, TAGAN AHXT AR o PFIR BE 7512 1) 75 B 2
B 59 TOLitiE, 2R TR S IR R A TR A 1727 7 iR % (MSE)
APPEIERHRZE (MAED, IXPINR K o0 B0 Sy i R B & e, HIEHE
R DUREE I T 0, e R PR R AR (HAZ, AR IR HiX
SEAME R BRI X (CAIK T 30dBZ X4k HILLE AR, KB TAGAN )
TR SLBOGTA M 3DUnet 5217 FLSCH BRI o3 A, BIYGHTAN 3DUnet X 1
i [11) 95 1) DX I PR T A6 8 70 (i A2 LA = Bt X R Sed R A HEPTEL, 220 FAR
fiw o 110 TAGAN B2 (1 BB B 913 IR 5 HSRARAMRT &, FAR AR,
N S AR B 2 I = 5 9200 5 R R I ROR S & 8 BE— P4 T DAL B0
W 10 AN GBI LK FAR Al HSS #4373 ATLLEE], TAGAN f£ 6-60min It
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Fig.9 The true value of the first frame of the four groups of prediction cases, the red box is the range of the
calculated centroid (covering the range of the echo subject of the next 9 frames), and the blue line outline is the

echo subject with the echo value greater than 30 dBZ
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