5513 B 4 W B OoRE R & % it Vol.13 No.4
2018 4= 8 H CAAI Transactions on Intelligent Systems Aug. 2018

DOI: 10.11992/tis.201710007
[ £& H AR B 3k : http://kns.cnki.net/kems/detail/23.1538.TP.20180328.1649.012.html

T B ARG TR E M K/ PM2.5 ¥R E Tl

ABHY, FIHY, FprE
(LAFRZLKRFAZEFIH, LT 100124, 2. H FHELEFRLALLTTEELKE, 7K 100124)

o OE X PM2.5 Wk B AE LR S A AR A AR AL, BRI T — b A 21218 DB A 4 I 4% (self-organizing recurrent
fuzzy neural network, SORFNN) J5 7% Tl ill] PM2.5 INBHHREE B SE, I e e PM2.5 ik EE R 2R IN R, A &
4343 BT (principal component analysis, PCA) i 126 H 15 PM2.5 ¥ 8 HH 3¢ 14 5 5 119 457 1IE 25 18 VE by ol 28 I 246 1) i
ANAS T, ARG, MR & ME) Rl e /> — e B (partial least squares, PLS) FE4T#HL I AL )2 #4220 ) 356 I, SC 836 15
TR P 22 I 25 2500 1Y) F Bh R, IR R B 2% 20 30 [ 3 N A 6 1 R SR DR R RS R s | B B R S S 8K, T
PM2.5 T BT, f )i, KR B R 4 M R 8 B RN S R PM2.5 Vi B T S 38 AT B0 IE . SCIR A SR R, Prik
THOY 9 2258 VAR P 25 I 4 S5 A6 T EL TS B2 /&, 04 MW 2 T PM2.5 SR T i) 225K

KRR PM2.5; TN ; PCA; 3 TR B2 I 4% 5 F 4020 FSE N BE B T B

FESES:TPIS X#irEE: A  XEHS:1673-4785(2018)04-0509-08

s g A, EXH, FE Y ETEALKRIFAEMBEMEHN PM2.5S REFD J]. B REFH, 2018, 13(4):
509-516.

5| A#&=: ZHOU Shanshan, LI Wenjing, QIAO Junfei. Prediction of PM2.5 concentration based on self-organizing recurrent
fuzzy neural network[J]. CAAI transactions on intelligent systems, 2018, 13(4): 509-516.

Prediction of PM2.5 concentration based on self-organizing recurrent fuzzy
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putational Intelligent System, Beijing 100124, China)

Abstract: To address the nonlinear dynamic variation in the concentration of fine particulate matter (PM2.5), in this pa-
per, we propose a novel self-organizing recurrent fuzzy neural network (SORFNN) for predicting the hourly PM2.5 con-
centration. First, we analyzed the factors affecting PM2.5 concentration by principal component analysis to identify the
characteristic variables and used them as input variables in the neural network. Next, we added or deleted a nerve cell to
the regularized layer, based on the ¢ criterion and partial least squares algorithm, to automatically adjust the recurrent
fuzzy neural network. In addition, we applied the adaptive gradient descent algorithm to adjust parameters such as the
centers, widths and weights to establish a PM2.5 model. Lastly, to verify the results, we conducted experiments in typic-
al nonlinear system identification and actual PM2.5 concentration prediction. The experimental results show that the
proposed SORFNN is compact in structure, has high prediction accuracy, and can satisfy the real-time prediction re-
quirements of PM2.5 concentration.
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Table 2 Performance comparison of different networks
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M
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