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Short-time forecasting and nowcasting of visibility at a single station
based on Recurrent Neural Network
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(1. College of Oceanic and Atmospheric Sciences, Ocean University of China, Qingdao 266100, China; 2. Fujian
Meteorological Observatory, Fuzhou 350000, China)

Abstract The fined forecasting of visibility is difficult due to its local scale and complicated nonlinear
variations. ANN ( Artificial Neural Network ) performs well in simulating complicated variation processes
and thus is feasible for solving this problem. The study employs RNN ( Recurrent Neural Network) to
build a short-time forecasting and nowcasting model of visibility at a single station using surface
observations of Fuzhou Meteorological Observation Station and its forecasting skill is evaluated. The results
from random test samples show that the variation tendency forecast of visibility by RNN is basically in
conformity with the observed data in the 1-h, 3-h, and 6—h forecast; compared with the forecast based
on the actual situation, the RMSE (root mean square error) decreases by 15.75%, 31.66%, and
41.26% , respectively; compared with the forecast based on the traditional BPNN ( Back Propagation
Neural Network ) , the MAE ( mean absolute error) decreases by 12.90%, 24.45%, and 38.99%,
respectively. The results indicate that RNN has advantages in the forecasting of visibility, providing a new
method for the refined short-time forecasting and nowcasting of visibility.
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Fig.1 Basic structure of RNN ( Recurrent Neural Network )
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Table 1  Comparison of 1-h, 3—h, and 6-h forecast error between RNN and forecast based on actual situations
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Table 2 One-h, 3-h, and 6-h forecast error of BPNN ( Back Propagation Neural Network )

P/ h XA DR IR/ m HITRIRZE/m AT S EL AR G R 5
1 2543.91 4 103. 06 0.903 2
3 4007.35 5 818.46 0.801 6
6 4983.08 6 887.05 0.694 5

£ Lrik , RNN (BP 7ERE A F 34— 19 iR
RHORH RNN E5 T bn L34 F BP. DLE Rl
LRSS 1 25 2, I A A i 1 B L 52 22 AV [l
61 m% 35000 m, Jy A gAR RS IR AE WL 1Y
BARAE ST, T 1, X — AR AE WL B R K 35 RNN
A TR R o
2.2 —RREEREEHFHTHHRIKE

2016 43 A 12 H 23 I (AtstmfE], R A) , 7E4E
ARV T — R 5 S BUNIRBE WL S 0F, M
TR —A~ g e O T H AR B BT, o
i) P4 e A i ) T A 3 T v 4 DX, A2 M 7 PR
M KM DA AR B X, T2 e 1 2R B X i JH X
HREEAKIGAFTRERE (K 2) . HEFEEAEK
JREE BERE ULISE WA S a5 S5 e e rh R DL AR H
A7 WY S B0 5 25 T HOT B RE DL PR T T (1] 3) 0 3%
FIRE L EE (A AL REAE S RTINS 2l

FIH R TR AR 2% e WL F 64T 1 h
6 h Fiidl , 45 R 20 . RNN B KA TR H A g
WL AR R W 55 1 R A R R e TH O R
XFF 1 h FiH, 7655 kAR Kk SR AT B B, R DL
o AR %) R 55 L DR %4, 8 DAL 8 A o il
WRE WIS . Bk - RNN X FE A UL (14 Fi i e
J18 5%+ BP (& 3a) . X+ 6 h FidR, BE 0L T R#
1L T R R 2B 5 RS- 2% (1] 3b) o

3 MR RNN 5 BP 75 AN [a] 91 41z B
RCFRZE . 1 h 6 h FifzH RNN -2 2 %) i 15 22
43514 1 010. 34 m .2 566. 35 m, [ EHLEE 56 o 451
2 215.77 m.3 039. 86 m, &R E(EH/NT
BEALAS 5 , AT RE 2 BT A0 AR AR DUAIRAE DL B R
F. T BP #iZe® 45,1 h 6 h fiifig-h RNN *F-3%
o S B R 2543 B/ 49. 67% 27. 46% , ¥ )5 fid iR 2%
AN 29. 76% 22, 18% . M/~ B 3iE v BT L o



80 LS

539 &

{f

PPP
+ PP

£ RG]

— TT: KRR EE)
WW: BlFE R
TATd: 7% R
PPP:IRF- U
-+ PP /NI AR R
N: Bt

Fig.2 Surface synoptic chart at 23:00 BST on 12 March 2016 (the red dot for the location of Fuzhou Meteorological Observation

Station )
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Table 3 One—h and 6-h forecast errors of RNN and BPNN
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Table 4 Evaluation of 1-h and 6-h forecast errors in the low—visibility case (RNN)
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Table 5 Comparison of forecasting skills by models using different number of factors
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