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Table 1 Main parameters of LSTM-WBLS model
= 24 {21
Input Timesteps 1,3,6
Lagers 4

{256,128,64,32/

Number of neurons

Loss mse

LS Optimizer Adam
Batch_size 64
epochs 80
Dropout P 0.2

Layers 1

Dense Number of neurons 20
Activation relu
N, 20
WBLS N, 30
C le-5

2.3 5MAEEBIIE S

Vo B AR 5 A SO R IR A7 X He A3 AT, AT
KEE 1 d A, 6 Hegh RN 2 s AR SRR S
A Hy SVMM™ | EEMD-ARIMA™ | LSTM!"™ | CNN-
LSTM"™ I LSTM-BLS A5 B AH L . RMSE 8 43 51k 20>
T 50.20% . 47.58% . 37.00% . 34. 80% Fl 17.54% ;
MAE {8 73 %1 98 /> T 55.29% . 53.19% . 49.20% .
48. 00% F1 22. 72% ; R* {H 43534 1 0. 209 ,0. 189,
0.078.0. 058 F1 0. 015. @ AK , A SCHIRY R IUAE =45
i b0 2 fe U0 Y, GIE B T AR SRR AR Y A 30t RN o
fff 1.
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Table 2 Comparison of evaluation indicators of each model

LAY RMSE/mm ~ MAE/mm R?
SVM 4.191 2.427 0.711
EEMD-ARIMA 3.981 2.318 0.731
LSTM 3.313 2.136 0. 842
CNN-LSTM 3.201 2.087 0. 861
LSTM-BLS 2.531 1. 404 0. 905
LSTM-WBLS 2.087 1.085 0. 920

Ryt B R AR SRR B0, X LSTM &R 51
AF SRR T 338 47 AT AL Ak K T3k 4R A B 7K 371
A BIRY TO B AT LA X T Ak n & 4 B
NN T I EAER, Hoh g 1 KRR 2018 4F 11 H 26
H ARk FLSE 5 Bl , — H 2 2020 4F 12 A 31
H 3t 767 d.

MEL 4 7] LUE i FE R K G 2828 1Y B AR SO
HEUf I 25 SR B AR T A A A AL T R
AT HYFET LSTM #2184 (&l 4a 4b) 7E I L #F AN AT
G ML A7 i I PR O TG K o . ] de BRI
A BLS FEA L 1 ¥ 5 M R) R {2 e F S5 (E
X FHCI AN B SE e AR SR A TR AR SCIREARLTE (8] de JEA)
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Table 3 Comparison with single factor model ~ mm

A RMSE MAE

LSTM( A &) 7.610 4.008
LSTM-WBLS( Bi[H %) 6.610 3. 890
LSTM-WBLS 2.087 1.085

2.5 REMSH

AN AR TR (R S0, o TR B A3 il R R 3
d A5 d, % HFEAKSR AT N, 45 R a0 5 PR, 4
AWK A 1 d BN S S8, T LUE ) REE T
FJE A3, i A 00 A AR ) FUI AR AR T T R
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Fig. 4  Visualized comparison of prediction results by LSTM series related models
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R4 2001 £ 1 RS HIRE
Table 4 Part of the dataset in January 2001

Shs Rl k& MXNRE/ KE/ H i/
kPa C mm % (m/s) h
97.3 9.2 0.0 82 0.3 1.2
97.4 8.2 0.0 84 1.8 1.5
98.3 7.9 0.9 69 3.0 0.0
98.1 4.7 0.1 83 1.3 0.0
97.7 5.9 0.0 68 2.0 1.0
97.8 7.4 0.0 75 1.5 0.6
97.7 7.5 1.1 76 3.8 0.1
97.8 6.6 3.3 82 3.0 0.0
98. 1 6.3 0.0 77 2.8 0.0
97.9 6.6 0.0 67 2.0 0.5

RS AREBWUKETEMEEITMNIERXT L
Table 5 Comparison of evaluation indicators for each

model under different prediction lengths

- RMSE/mm MAE/mm R?
3d 5d 3d 5d 3d 54d
SVM 4.325 4.457 2.601 2.725 0.701  0.682
EEMD-ARIMA  4.056 4.216 2.407 2.421 0.721  0.705
LSTM 3.408 3.421 2.234 2.351 0.831 0.822
CNN-LSTM  3.307 3.392 2.179 2.306 0.855 0.843
LSTM-BLS  2.641 2.728 1.503 1.581 0.889  0.873
LSTM-WBLS ~ 2.145 2.216 1.202 1.272 0.909  0.886

FERCIRE T HA A Y 53— 2% JL I UE T A S A )
FaE k.
EERNST

B RO AR S B Y R AN 8 AR T R E
LSTM-WBLS 5 LSTM Il £ #f ik 21| f5 AL 45 H 1918
TsFEACRMF I E 6 . %k 6 wLIEH,
LSTM-WBLS YIIZkif[a] H b LSTM K 2 s 247, 808
A R R R R R WBLS A5 K s | Bkt
AT () S (115 LSTM-WBLS #H [t LSTM, 755 %
B A KK T RE.

2.6

% 6 LSTM-WBLS #1 LSTM iZ & {3 Lk
Table 6 Comparison of operation efficiency between

LSTM-WBLS and LSTM
YIZRATTE]/ s

A . N .
W =1 d WEEK=3d  WEDK=5d
LSTM 655.925 945. 031 1194.134
LSTM-WBLS 657.231 947. 132 1 196. 891
3 #r

BT BUA H K TR R e i, A SCHR HE —
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SCELRLE Bl WBLS AN F R s 25 | 42038 i P i it
S Y B S R e T LSTM T rh A AE 1 T 1R
I, HAs AR R R 8 A 3o A REAR S B
T Y AT, 45 i T SR AR AR B R A ACER T T S
B S L ARAF B AR I ALE /D T S W FEAS I R
P05 T TG B 5 R R M R SCER T T R OK B
D[R] B il R B 2 2] 5 S B 2 2] R34y mT g
Sy 8 7K 2 TN AE 5% B AL T A S B AR SRR B
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Abstract The popular Long Short-Term Memory ( LSTM) based precipitation prediction models suffer from over-
fitting and time lag.Broad Learning System ( BLS), which does not require multiple iterations, helps to solve the
above disadvantages of LSTM.Weighted Broad Learning System ( WBLS) reduces the impact of noise and outliers
on precipitation prediction accuracy by introducing a weighted penalty factor constraint to assign sample weights in
the BLS.Thus a LSTM-WBLS daily precipitation prediction model is proposed in this paper.The daily precipitation
at Badong station in Hubei province is selected for empirical study.And the influence of air pressure ,temperature,
humidity ,wind speed and sunshine on precipitation is considered. The experimental results demonstrate that the
LSTM-BLS model has significantly improved the prediction accuracy in the evaluation indexes of RMSE ,MAE and
R* compared with existing prediction models.The prediction accuracy of the new model outperforms existing models
at different time steps, proving its stability.In particular,the direct calculation of weights by WBLS does not make
any reduction in operational efficiency of LSTM-WBLS.

Key words precipitation forecast ; long short-term memory ( LSTM) network ; broad learning system ( BLS) ;weigh-
ted broad learning system ( WBLS) ; multi-factor predication



