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Abstract In order to improve the accuracy of meteorological forecasting., deal with frequent local
meteorological disasters in real time, and have higher efficiency of dealing with massive data, this
paper proposes a meteorological forecasting model using the Storm-based online sequential extreme
learning machine. The model firstly initializes multiple online extreme learning machine. When new
batches of data arrive, the model continually studies the new data samples based on the training
results, and introduces the stochastic gradient descent method and the error weight adjustment
method to give the error feedback for new prediction results and then update the error weight
parameters in real time, and finally to improve prediction accuracy. In addition, the Storm flow
processing framework is adopted to improve the proposed model in the aspect of parallelism in order to
enhance the ability of dealing with massive high-dimensional data. The experimental results show that
compared with the Hadoop-based parallel extreme learning machine (PELM), the proposed model has

higher prediction accuracy and more excellent parallelism.
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Table 1 The Correlation Coefficient Between Different
Weather Attributes and Rainfall
1 ERSEMSKHWEZEHMNBEXRY

Number Attribute Name Correlation Coefficient

1 Relative Humidity 0.971452
2 Average Temperature —0.402308
3 Dew-point Temperature 0.452773
4 Soil Surface Temperature 0.081465
5 Sunshine Hours —0.291572
6 Atmosphere Pressure —0.737522
7 Wind Speed 0.723267
8 Wind Direction 0.098411
9 Total Amount of Cloud 0.865124
10 Horizontal Visibility —0.0183933
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Fig. 3 The experimental results of different volume of learning samples

1742
1 000
—— PELM
—— S-OSELM
800
<
(3
E
=
w600 |
(=]
‘g
E
400 |
4
200 1 1 1
1 2 3 4 5
108 X Number of Records
(a) Running time
& 3
2
()
E
=
on
g
=1
g
=
&
0 1 1 1 1 1 1
1 2 3 4 5 6 7

Number of Working Nodes

(a) Running time

Speedup

T [a) 2 o B AR ik 1) 52 06 4

i —— PELM
—4— S-OSELM

Number of Working Nodes
(b) Speedup

Fig. 4 The experimental results of different number of working nodes

&l 4

£i LTIk . S-OSELM 57k HAy 3 8 Pl i) 9 %
PEUF B A5 B SR 6T R MR B8 A 2827 2T B — 4>
AR H BAT )2 52 BRIV T A5

4 REF5REE

AT T — o T AR R S A BR 7 2T BN
Storm z ¥ 5 45 5 Ab B LR R B 1077 vk %
7 ¥ B S AR Lt R B AT 0 A B L O B oA
B e AR 3R LA KO AT ME R 1% 5 R R R 2 HOR HL
i 1) SE B S 7 5 A 2L 228 e ) A0 e A0
B T O B T )ty B S I e S 1] S0 L S A
PR IR 9 F P A PR 77 25 2. 5 Jm 19 T AR 2
R 2R U N A RE S 3 » S I IR R RS L IR A
O A 15 B0 - U AT R HEAT 15 45 A0 L

2 £ x #

[1] Zhao Qiangli. The research on ensemble pruning and its
application in on-line machine learning [D]. Changsha:

National University of Defense Technology, 2010 (in Chinese)

(2]

(3]

[4]

(6]

AN TR A B S

GRUBRA. T 08 45 1% 4R MY 15 R P 4% 2 21 G R BF 5%
[D]. Kib. EBRFEHARKY, 2010)

Wang Aiping, Wan Guowei, Cheng Zhiquan. Incremental
learning extremely random forest classifier for online learning
[J]. Journal of Software, 2011, 22 (9): 2059-2074 (in
Chinese)

(EZF. TR, BEL. SR T i 18 200 o BE AL
BMAF AR, #fF2E4M. 2011, 22(9): 2059-2074)
Osowski S, Garanty K. Forecasting of the daily meteorology-
cal pollution using wavelets and support vector machine [J].
Engineering Applications of Artificial Intelligence, 2007, 20
(6): 745-755

Behranga M A, Assarcha E. The potential of different
artificial neural network ( ANN) techniques in daily global
solar radiation modeling based on meteorological data [J].
Solar Energy, 2010, 84(8): 1468-1480

Bilgili M, Sahin B, Yasar A. Application of artificial neural
networks for the wind speed prediction of target station using
reference stations data [J]. Renewable Energy. 2007, 32
(14): 2350-2360

Jin Long, Jin Jian, Yao Cai. A short-term climate prediction
model based on a modular fuzzy neural network [J].

Advances in Atmospheric Sciences, 2005, 22(3); 428-435



W BH A A5 < B T Storm 1Y 78 2k 1 71 A BR 2% > BIL i) 4 T 00 A6 2

1743

[7]

(8]

(9]

[10]

[11]

(12]

[13]

[14]

Zhang H. Su Jiang. Naive bayes for optimal ranking [J].
Journal of Experimental & Theoretical Artificial Intelligence.,
2008, 20(2): 79-93

Jiang Wenrui, Wang Yuying, Hao Xiaoqi, et al. Application
of decision tree in temperature prediction [J]. Computer
Applications and Software, 2012, 29 (8): 141-144) (in
Chinese)

(FE3CHi . EEIE, ML S5 PR 7 e 7e ORI i
NEAICTD. THEBLREH S8 2012, 29(8): 141-144)

Whu Jiansheng, Long Jin, Liu Mingzhe. Evolving RBF neural
networks for rainfall prediction using hybrid particle swarm
optimization and genetic algorithm []].
2015, 148(2) . 136-142

KavithaRani B, Govardhan A. Effective features and hybrid

Neurocomputing,

classifier for rainfall prediction [J]. International Journal of
Computational Intelligence Systems, 2014, 7(5): 937-951
Huang Guangbin, Zhu Qinyu, Siew C K. Extreme learning
machine: A new learning scheme of feedforward neural
networks [C] //Proc of the IEEE Int Joint Conf on Neural
Networks. Piscataway, NJ: IEEE, 2004. 985-990

He Qing. Shang Tianfeng. Zhuang Fuzhen, et al. Parallel
extreme learning machine for regression based on MapReduce
[J]. Neurocomputing, 2013, 102(2): 52-58

Liang Nanying, Huang Guangbin, Saratchandran P, et al.
AS fast and accurate on-line sequential learning algorithm for
feedforward networks [J]. IEEE Trans on Neural Networks.,
2006, 17(6): 1411-1423

Bottou L.
gradient descent [C] //Proc of COMPSTAT’2010. Paris:
Physica-Verlag HD, 2010.: 177-186

Large-scale machine learning with stochastic

[15]

[16]

Rodgers J, Nicewander W. Thirteen ways to look at the
correlation coefficient [J]. The American Statistician, 1988,
42(1): 59-66

Yang Ying, Webb G 1. Weighted proportional k-interval
discretization for naive bayes classifiers [C] //Advances in

Knowledge Discovery and Data Mining. Berlin: Springer,
2009: 501-512

Ouyang Jianquan, born in 1973. Professor,
PhD supervisor, visiting scholar in the
Department of Computer Science, University
of Georgia, USA. Member of CCF. His
include machine

main research interests

learning and multimedia analysis and
retrieval.

Zhou Yong, born in 1990. Master.
Student member of CCF. His main

research interests include machine learning

and data mining.

Tang Huanrong. born in 1976. Associate
professor. Member of CCF. Her main
research interests include multi-objective
information

evolutionary ~ computation,

security and video image analysis.



