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Characteristic Variable Selection Method and Predictive
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DING Chenxi'?, YAN Aijunl’z’3
(1. College of Artificial Intelligence and Automation, Faculty of Information Technology,
Beijing University of Technology, Beijing 100124, China;
2. Engineering Research Center of Digital Community, Ministry of Education, Beijing 100124, China;
3. Beijing Laboratory for Urban Mass Transit, Beijing 100124, China)

Abstract; In the process of municipal solid waste incineration, the fluctuation of waste heat value affects
the stability of waste incineration. To make the real-time online prediction and change the trend of the
waste heat value, the fuzzy neural network soft sensing method was adopted, and the on-line operation
data of the incineration power plant was used as the input to accomplish the real-time prediction function
of the waste heat value. First, the mutual information method was used to eliminate irrelevant variables
from characteristic variables. Then, the fuzzy neural network and particle swarm optimization algorithm
were combined to further eliminate redundant variables from the selected characteristic variables, so as to
determine the input variables for predicting the waste heat value, and the fuzzy neural network prediction
model for waste heat value was trained. Finally, the performance test was carried out through the

collected sample data. Results show that this method has good prediction accuracy and real-time

Wk H 4. 2021-01-04

HEEWH . EFARBFEEA R I H (61873009) ; Lt A ARE AW IITH H (4192009)

TEZRIN . TREE(1991—), 2, WA, RN F SRS S )y TSR, E-mail: dingex@ emails. bjut.
edu. cn

WEEH . PEZE(1970—), B, #%, EENFLIBEBR S S TG XN 7 1H A5, E-mail: yanaijun@ bjut. edu.

cn



%58

TR, S YT AR T B AR P R AL e e AR 5k e T A A 875

performance, and is suitable for online prediction of waste heat value.

Key words: municipal solid waste; heat value; characteristic selection; mutual information( MI) ; fuzzy

neural network ; real-time prediction

Il A 15 57 3% ( municipal solid waste, MSW ) 4%
PR LAE B R BEIRAL TC AL D Ay T A
BE PRSI A B AR M L kAR
B R LRSI 5] 1) ot 40 i, 3 S ) i K 22 8]
A A R MO AL S IR . K IR AT
PAl b BRI | F T D0 6 SR 1) B 3% e AT Bk o
AL FRE AT FH A e SR AR E . B A
SRR EBEBE T N R A T A Bl OB 1) B S
8, HLE AR A2 0 B e R A AR R e AR IR OR
FIRENAL. DRI % 7 3 PR A 708G o 1) T B AT
BRE S SRIBR St R A5 BRI FI0 A B %)
IR AR AT PR TIPS 190 T S SR I B e
CrPERBIIRAE be R Gite g s Ty R e, B, Wl
AR BB I 7 T VA 2 i, — b AR
DY AR RAG A AR I E
— PR IR A PO AT . RN BRI 2H
eH B AR, I HAR/NRBEEA—  7EiE i 4 At
Xf BB AT I E I AAAEVE 2 R, Eean, ZExt
BEHATHORE S0 PR DA S E A R O 1, G SR 2 B
AFHRBWL N ST, ER A S S B
PRI REA A BAA R PE B A5 TR I 22 17
W RE RBERAE 7 AR RS e R T 4 R R O
BB B AN R R0 S mT A3y Tl oM e oA
A B o3 2 e )z R T B 2 W B o 21
B, TR AR T A R A B AR A 2
A8 FF K R TR0 H ™ 5200 | AT 3 28
B A AT A A R AT —E i 2.

N T2 L8R N TR fe Gl i —Fh 5 ik,
BA AR iz AL 71, ol DAtk AL 58 057
AN AT TR RS, PR B )z v . P 46
125 AT LA R4 o AR T A 37 iy 3 52 2 22708 il R 1)
M) , DA T A5 2085 2 ) PN . SR 11 ] iR 2
TCIETE K2 BP 1 28 [0 28 Xof 3k T A= 1% 57 S P B 1 A7 T
N JFCFREIN 45 SRR i 25 T 22 0T [m] A i) T 4%
SCHR[ 12 TR T 5T BP P28 0 25 A I o 57 3 FAVEL
POMARAL P ASEO S L3 5 i1
HSBORA B /N, S22 R R B, TR
Em TR AR EE. G 13 1ME# TET L-M
T I AL R SR ol 2 P 28 AR ) 5 Il 1 AT A 3
WeARAE A T, Horb i A S 8O B A 7 TR &

i A SR IME R RN, LRSS R R A A
B8 55 Ay A b T 38 T A4 0% b S, B —
ARSI . SCHR( 14 ] 52 H R i 28 000 208 X0 B A
HEAT R B e 1y e B TC TR 1 I Y () A
ELSR FH I D ik A 0 6 i R BB ) 2 TE AR A B A T
TR EAE AN il 5% 30 52 e A e T S H AR Ak
o SCHRL 15 1R B3R 170 Lo ) 25 A b g A 72
i ATRRI A3 B AR, BB Ay i 7 R 0 SR
BP \RBF 1 ANFIS X A= i 57 38 FTR 073 i A ELE A
T, SZEGEh SR, RBF A5 7Y (%) T3 0] vF 6 2% 4H %)
.
RN RIS P 28 A7 A Lb 2 3 158 07 vk
R THCINAS B2 A7 i 4 v , 1 32 SRR by R i A
TSI S AR /M it i
25 28 AT IR A T . TR A R A
R AN Sk G 5 R i 22 5 BRI =2 A, TEZ ARG
B8 AR S W I P S S < S s Al e 2 7
FE R RT B ST BT, M DU T b S AVE
AITEL T, PRI, 4R R — o BE A8 P 43 A 7 3 74
B 7 AR I a ).

B 1L B BOR BN W HE 2 5 & JE | BE S SR
VFZ i B TV B, (545 B K sh m oy i B 1
PR R, AT LA 3R s R B B ) 7R S
BRAE N ASHL, 52 B b7 3] I B AR K S A 7 2
TOUI | AT 38 T BB A S A T B I E

R Y S B I AR %) S I N A SR T
TR 28 X 2% ( fuzzy neural network , FNN) fit) 37 3
PO B R B e R B [ B (mutual
information, MI) 77 % M7 T 4EAEAE & 5 BRI 4 T
AR HE ;SR 5 W SO Bk 28 I 28 FURL B D0 A6 53002
(particle swarm optimization, PSO) %54 A2 ok M [ ik
TEFR A RRAE AR b i — 2 B BR U AR A8 1t A TTA5
F PO B7 I AR o A S 5 TR, R4S 1 B A
FRASTASN P 25 DO 28 T A 78 5 3k S B A 3 T 7 9 1)
AR

1 P EEIIRR R TE

A B e G A i B S B R ) TR
i, SR AT BB AAE XS SE RS i R A5, I DA B
45 0 S MBI R i RS AL



876 d = T Wk Kk % %

2021 4F

1.1 IEHAE
PLAR 50 b 30 AR e 8wl i AR e A 7 R 4],
AWM 1 . AR IR AR R RN

Brgert}-

HPBERAGE b HIE PR b R B4 i A A R
P 4 ATl AR

SRR FIAAIL

IRIR A HE

PHEA ETRBL

Bt
01

O
AR
—URAEHT AL

ok A BIRBT

@1—%«—

SR EAT

P S 2R 6 RO A e A T 2 A R

Fig. 1  Process flow chart of MSW incineration
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and waste heat value of each sub process
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Table 1 MI measurement results of characteristic

variables in each sub process

Ve suy ®RME B/ME OTFHE
PP AR - 7R 0.9351 0.7715 0.8507
S HEE A TIE AR 0.8643  0.4538  0.6538
PHER sl i 0.7753  0.4635  0.6113
SAWEMT iR 0.8702  0.5014  0.6998
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Table 2 Number of characteristic variables selected by

MI method
R peit 7 JE AR R AR MI 5%

Jr R be 1t 16 16

P HE L Y R 18 12

SrHRR B ) i R 24 18

23R R T AR 18 14
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Fig.5 Fitting effect of fuzzy neural network prediction
model trained by different characteristic selection

methods
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Table 3 Experimental results comparison of different

methods
Tk IBATIEE] FRAEHCE RMSE
MI-FNN 22.35 60 7.781 4
PSO-FNN 298. 34 41 4.9540
MI-PSO-FNN 235.65 26 2.256 4
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Table 4 RMSE and MAE statistical results of different methods in five data sets
=N VRS D1 D2 D3 D4 D5 TG
MI-FNN 7.7814 7.5298 7.8476 7.3214 7.9540 7.6869
RMSE PSO-FNN 4.7540 4.3647 4.705 1 4.7489 4.4654 4.5676
MI-PSO-FNN 2.256 4 2.3540 2.2258 2.2876 2.4217 2.309 1
MI-FNN 7.7492 7.5026 7.809 1 7.298 3 7.9324 7.658 3
MAE PSO-FNN 4.9235 4.0298 4.768 9 4.7263 4.2406 4.5378
MI-PSO-FNN 2.224 1 2.3214 2.1923 2.1635 2.5018 2.2806
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Fig.6 RMSE and MAE comparison of different methods
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Table 5 SD statistical results of different methods

HiE4E  MI-FNN - PSO-FNN MI-PSO-FNN
D1 0. 128 0.115 0.0514
D2 0.172 0.165 0.0702
D3 0. 141 0.129 0.049 7
D4 0. 153 0. 140 0.062 1
D5 0. 105 0. 098 0.0358
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Fig.7 SD comparison of different methods
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Fig.8 Training results of fuzzy neural network waste

heat value prediction model
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Table 6 Comparison results of different methods

2R MI-FNN  PSO-FNN  MI-PSO-FNN
RMSE 7.6869 4.5676 2.309 1
MAE 7.6583 4.5378 2.280 6
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