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Abstract: The forecast 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 severe 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-tem-
poral long short-term memory network based on context fusion and attention mechanism achieves better

prediction performance through experimental comparison and analysis. Under the conditions of 60 min
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extrapolation and the thresholds of 10, 20 and 40 dBz, the critical success index (CSI) and heidke skill
score (HSS) reach 0.7611, 0.5326, 0.2369 and 0. 7335, 0.5735, 0. 3075, respectively, which effectively

improved the prediction accuracy.

Key words: radar echo extrapolation, deep learning, precipitation forecast, long short-term memory
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PredRNN 55. 8 0. 866
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Fig. 5 Results of different methods for mobile MNIST dataset



1488 A

% 9549 %

D DA AR s b TSI 50 AT T (B % P AR R AR p
B K 7 B dBz, Iz (8) R .
dBz = p X 95/255 — 10 (8
30 A 18 R I [ 8 el R b T S 7O 1] e
S R B . AR TR R T 4 BAE DK
AHN (R BB 1 & 0. KA Z B
22 PR R I PO A TP (Rl =1, Bl =
D ABBHPE I £ FPCF =1, HAE=0) . HBHPEm
T TN L = 0, B AE = 0) F B B 14 7 i L FN
(W =0,EME=1),

HSS =

2(TP X TN—FN X FP)
(TP+FN)(FN+ TN) + (TP + FP)(FP+ TN)

(€D)
HAR R UL, 735 £ 10,20 A1 40 dBz 1F 4
fi. CSI A1 HSS LG E i % I8 1A AL R A i
WA AT DL R R R {25 . CST AT HSS ek
P RE BT
3.2.2 RS9
F 3 EIRTIE 2019—2021 4F 4—9 ATLIEH
KB AR Iy A LA SR . AT LA B SCEE

F2 FIBE
Table 2 Contingency table ) CAST-LSTM #L R 7E it 4 I%ﬁ? fy CSI fl HSS
il i el L 25 B (49T R0 40
AL TNCE M) FP (i B %) - &H E S| = NN 73 ‘j S 40 dB >3
MV o S, ’ C z B s Pr EI‘
o o A Y. 75 2 1 TV A H
CSI il HSS #5 br ik 3] 0. 2369 M 0. 3075, 43 5t
CSLAHSS fiy B2 0O Fios - PredRNN %535 42 5 T 30. 5% 1 31. 5% . It PFST-
~ TP Nasii=" 0 0 N S >,
CSI = LSTM 5k 9. 9% F1 8. 6% . X MR & JF & 1) -
TP+ FN +FP
R3 20192021 £ 4—9 RIIHEATEBFEEARR A ER CSIF HSS IEFER
Table 3 Scoring results of CSI and HSS under different methods for dataset of
Jiangsu radar from April to September of 2019—2021
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Fig. 6 Variation curves of (a, ¢, e) CSI and (b, d, {) HSS at different thresholds for

the test sample of dataset of Jiangsu radar from April to September of 2019—2021
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Table 4 Scoring results of CSI and HSS under different methods for dataset of

Jiangsu radar from April to September 2022

R CSIA HSS 4

ik 10 dBz 20 dBz 40 dBz S 1 10 dBz 20 dBz 40 dBz S
ConvLSTM 0.7328 0. 4849 0.1518 0. 4565 0.7105 0.5215 0.2158 0.4826
PredRNN 0.7412 0.4936 0.1803 0.4717 0.7158 0.5453 0.2325 0.4979
PredRNN++ 0. 7454 0. 5056 0. 1869 0.4793 0.7182 0.5519 0.2554 0.5085
MIM 0.7485 0.5133 0.2011 0.4876 0.7216 0.5584 0.2763 0.5188
E3D-LSTM 0. 7508 0. 5067 0.1827 0.4801 0.7242 0. 5468 0.2308 0. 5006
PFST-LSTM 0. 7545 0.5223 0.2144 0.4971 0.7275 0.5563 0. 2806 0.5215
CAST-LSTM 0.7634 0.5278 0.2331 0.5081 0. 7357 0.5624 0. 3037 0.5339
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Fig. 8 Variation curves of (a, ¢, e) CSI and (b, d, {) HSS at different thresholds

for the test sample of dataset of Jiangsu radar from April to September 2022
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Fig. 9 Prediction results under different methods for dataset of
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