75 % # T K222 4R Journal of Xi’an University of Technology (2023) Vol. 39 No. 4 529

DOI1:10. 19322/j. cnki. issn. 1006-4710. 2023. 04, 009 https://xuebao. xaut. edu. cn
Bl & IRIRIE , (I SCH . P . EIELE. T 224 Causal LSTM A K 4 EMGJE I BUMAF 52 (] ], V48 T KR 222 4],
2023,39(4) :529-535.
ZHANG Xiaohui, BAI Wengi, YANG Songnan, WANG Xiaojuan. Research on short-time prediction of meteoro-
logical images based on differential-Causal LSTM Model[ J]. Journal of Xi’an University of Technology, 2023, 39
(4): 529-535.

HF 22/ Causal LSTM RIS 4
G 58 1) 10000 AT 5

FRIRIE, & L3, Hinth, T4
(TP TR AL 5158 TSR . BEPh 754 710048)

FE . AR A F BAR A7) A 42 0 TR B TR A AR 69 19 22, A) R — A B A RT3 T8 Caus-
al LSTM. ¥ BEHEZ 45 ERNAFIANGLI R, ARSGAMNEE LTSI D SRR TG ER
At 1,328 T £4 Causal LSTM # A, SR A 6B EIEHRAYE M & & 5 A% BAR A0 o 424,
REZHT ConvLSTM BA AL FA K AL T E = EFI gz R, *F T ConvLSTM 4
TR AR B AR A6 R L R £ o Causal LSTM A8 8 47 40, 25 R & 9 st oy 4%
RS R A E A, R TR 2 Ry A, KB JE8 £ o Causal LSTM # & & HKO-7 & 3
EM AT AR I (CSDRZT 0019, EA L ZBAHEEFIRST 0.078, B2 E

AP R 55 .
XK1 : ConvLSTM; Causal LSTM; ss R st 4R, BEMHE £ 5Bk
FESHES: P456.1 XHERFRER: A XERS: 1006-4710(2023)04-0529-07

Research on short-time prediction of meteorological images based

on differential-Causal LSTM Model
ZHANG Xiaohui, BAI Wenqi, YANG Songnan, WANG Xiaojuan
(Faculty of Automation and Information Engineering, Xi’an University of Technology, Xi’an 710048, China)

Abstract; Due to the low accuracy of meteorological image sequences’ short-term prediction, we
propose a differential-Causal LSTM model by using Causal LSTM with cascaded memory units,
which is an introduction to the image gradient difference penalty term into the training process to
improve the prediction model’s ability to capture the dynamics and abrupt changes of short-time
sequences. We first establish the meteorological image short-time prediction model by the recur-
rent neural network and then analyze the prediction effect by the ConvLSTM model on weather
radar echogram and satellite cloud sequences. The results show that the improved model in this
paper can effectively reduce the blurring and improve the accuracy of prediction results. The dif-
ferential-Causal LSTM model improves the critical success index (CSI) by 0. 019 in the HKO-7
dataset, CSI also improved by 0. 078 in the meteorological cloud image dataset, and the blurring
is reduced.
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