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Abstract

The nowcast of 0~2 hour is an important toolth for forecasting severe convective weather. Accurate
nowcast is an important barrier to prevent from weather disaster. Therefore, nowcast is a very
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important field in the meteorological society. This paper proposes a nowcast model which based on
Encoder-Forecasting architecture and temporal Transformer. The transformer utilizes bilevel rout-
ing attention to improve the computational efficiency. At the same time, the proposed model also
use the operations of Maxpool and AvgPool to extract the local features. The global features and
local features are effectively fused to represent the objects’ features. The comprehensive experi-
ments based on the proposed model and four state-of-art models are conducted on a public datasets.
The experimental results effectively show the correctness and effectiveness of the proposed model.
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Figure 1. Network architecture of the proposed nowcast model
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Figure 2. Spatial timing Encoder module structure framework diagram
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Figure 3. Structural framework diagram of the space Forecaster module
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ConvLSTM, SmaAt-UNet, LPT-QPN FI Rainformer 5 PUANR Y 55 P AT T4 Hi AOAR AL 3E 4T & A A0 ] AL
ST A R R R A VR B 2 ST F S HEZE Pytorch #EAT 528, S2ibid At R T AdamW 04L5%, %
AL ZTE Adam FEA 3G N T BUE 3 9800 WAL T4 FH N SRBi By (R SO B 2 ) RIMWT AR E B BN
0.001, FRATIFIF PR IZIR KR HE S 2] 2, BRI ZRah A IE B B o i K 60 IR, TEYIZRIS AR IR
ATHUGAFSE ) CST B F R MR A T EE . S T S M TR R, FRATTR A iy v 2. (probability
of detection, POD) Il Ft 1 T F % (Critical Success Index, CSHPNEN SR EAL TR 45 8, XPIANE AR EME
TR 7 T ) ROk AT o BATEFS HITS = (55 =1, Wl = 1), FALSE = (H5Z =0, Tl = 1),

MISSES = (5L =1, Fifll = 0)RFT/RESLAF A TNIFSL . FH o POD F1 CSI (158 L4 manA= 5 F 6

iR
HIT,
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HITS + FALSE
HIT,
CSI = 5 (6)
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4.1. SEWEREHIIEE

TE S BRI AR TR 55 B FH A6 A (3] 58 B2 B [ R A1 PR VR FEAS — A, [l A8 v 3 s i AR IR B IR
KA RERRR, PRy 1 58 4 R S0 i R AR E TR 90 A R ST T A A PR ASOR AT R A
WK FIEAE RIS 16, 74, 133, 160, 181, 219 %5 6 AN X [HEAT B ALK LLIGIE . FRATXS Frgh 5t Eh 2k
0 AT B i 2 SR ) s R AR, HEE B HAC S FRIE R R . 4 1 43 2 S ML ~F 1) POD
HX 6 NMEEMEXIE K] POD fH. JATAE 1 0] LLE 4 H I B AE S 3 (1)~ 35 POD {E A1 2 /MF B
POD 18 #Bize izt s T HEFE 28 A A B 8t . JRAT 192 H IR A3 21 1) POD ~FH{E LU HETE 28 — 1) LPT-QPN
I 2.7 AN E R [RI B AR AS 201K POD {RLLE J LA e 58 P AR DX R) &7 e T HAASE 2R, b i 22 v 1)
£ POD-133 1L 9 ANE 0, IX 3R B4 AR A R s R U B S A % . £ POD {E 7 1
HIRAE 219 I HE B I AR R LPT-QPN HMEARAET 1.5, EAk S 45 S 4 B 1 HE Ao 0 B 0 407 1 T R
71, XY AR A R

Table 1. Quantitative comparison of the POD for various levels of all models

= 1. BRI &% POD &

POD-M POD-16 POD-74 POD-133 POD-160 POD-181 POD-219

ConvLSTM 0.4694 0.9006 0.7711 0.4579 0.3076 0.2570 0.1219
SmaAt-UNet 0.4437 0.9139 0.7778 0.4071 0.2677 0.2051 0.0905

LPT-QPN 0.5063 0.9138 0.7975 0.5033 0.3466 0.2973 0.1793
RainFormer 0.4982 0.9125 0.7831 0.4926 0.3432 0.2890 0.1687
RainbiFormer 0.5319 0.9179 0.8281 0.5925 0.3819 0.3051 0.1651

U2 45 IR MY AE MR AR T A ) CST PS84 A %A X TRV CSTAE , IR I EE T AR H
fEEALTRAR CSI BT B M MR RS BHER KIS 45 R . SmarAt-UNet 75 2RI HCR B, XAl g2
SmarAt-UNet #7518 1 [B135 7 1) (025 (B R 17 56 42 50 5 FE I P RFAE AT 45 R . ConvLSTM A AR Dy
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W [P B (R R AR REAT 1 25 R I IEAT I SRR AR SR L, RIS 3 1 B SmarAt-UNet B89 51 47 25 2,
ConvLSTM #8495 2] CSI “FI4{H Lt SmarAt-UNet #8455 2.2 AN 45 mi o —ANFET Transformer [ 15
FH ConvLSTM 41 CSI 45 %, iX R W Transformer X} T CNN &L B In-G R EX B H br 4 545
fE(E R, DRI R IS B A (M AMESE . CSIP4ME  LPT-QPN, RainFormer FIEATIHE H R
e, ERATH B AE R AT 133,160 A1 181 rhAREUS i (45 5, [ s 7 dxe e o E A B
311 CSI B A b 5 47 1) RainFormer {UANAHZE 0.23 ANH 75 i o X R BANT T AR, $2 H A B A0 5 0]
TN 45 SR AT S8 4 A B 5 1 T 45

Table 2. CSI values for each level of model comparison

522, tERSFEE R R CSI &

CSI-M CSI-16 CSI-74 CSI-133 CSI-160 CSI-181 CSI-219

ConvLSTM 0.4013 0.7546 0.6704 0.3772 0.2680 0.2258 0.1116
SmaAt-UNet 0.3784 0.7394 0.6654 0.3476 0.2418 0.1892 0.0867
LPT-QPN 0.4135 0.7408 0.6711 0.3890 0.2867 0.2478 0.1455
RainFormer 0.4175 0.7483 0.6758 0.3944 0.2917 0.2489 0.1457
RainbiFormer 0.4165 0.7387 0.6676 0.4015 0.2938 0.2540 0.1434

4.2. SKERMREXIEE

NTEAE 4 ARG R, BAERL 3 FEL 4 o504 Tk p) 7 CSI 1 POD {H, % 10, 20, 30.
40, 50 A1 60 730 CSI & POD fH. M# 3 RN LAE H, R ERERERE) CSIT{E I 30 7 8hF1H J5 B i
6] B CST AE A2 de i, Rl AE S 60 43 Bhdb AT I iR as SR T HEAE 28 AL EE 4 AN E 4k sl X POD
PR AR AE, B AR ZE S A R0 T A I 8] B ) 45 SRR AR T HARABE R o 3@ 3 IX AN R 45 Hh 1 A AR v R B R HE A Y
RainbiFormer 7EFK TR (8] (1745 R T H AR, T2 B FRATTHE A5 Y B 0 0 L F) FR0IN SE KB (] (R 45 21, 1X 78
SRR T B AL A

Table 3. Comparative results of CSI values at different time intervals for visual contrasts

5= 3. MEEXFEL B9 ERT 8] B)FRRY CSI {EXTEE 4R

CSI-M CSI-10 CSI-20 CSI-30 CSI-40 CSI-50 CSI-60

ConvLSTM 0.5826 0.7073 0.6205 0.5943 0.5500 0.4839 0.4421
SmaAt-UNet 0.5737 0.7278 0.6025 0.5619 0.5296 0.4788 0.4426
LPT-QPN 0.5836 0.7216 0.6260 0.5808 0.5379 0.4898 0.4505
RainFormer 0.5870 0.7359 0.6445 0.5956 0.5451 0.4739 0.4365
RainbiFormer 0.6065 0.7310 0.6399 0.5971 0.5645 0.5310 0.4891

Table 4. Comparative results of POD values at different time intervals for visual comparison

F+ 4. MEFSELR A EIRTE)E]FRAY POD {EXTELLE

POD-M POD-10 POD-20 POD-30 POD-40 POD-50 POD-60

ConvLSTM 0.6983 0.7963 0.7285 0.7114 0.6803 0.6098 0.5679
SmaAt-UNet 0.6540 0.8072 0.6834 0.6421 0.6126 0.5586 0.5185
LPT-QPN 0.7193 0.8342 0.7654 0.7375 0.6842 0.6269 0.5880
RainFormer 0.7094 0.8464 0.7608 0.7217 0.6804 0.6025 0.5680
RainbiFormer 0.7695 0.8602 0.7925 0.7638 0.7444 0.7097 0.6611
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Figure 4. Visual comparison of all models
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