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Abstract

Environmental quality is closely related to people’s health and has always been a research hotspot.
In this paper, the daily average values of PM; 5 are predicted by atmospheric data such as NO; and
PMj in Changsha City in 2017, and the BIC criterion is used for feature selection. On the basis of
the traditional over-limit learning machine (ELM), the regularization term is introduced to control
the complexity of the model, and the input layer weight matrix and the hidden layer threshold
matrix of the model are optimized by genetic algorithm (GA) to establish the genetic algorithm.
Then the PM; s prediction model of the regularized limit learning machine (GA-RE-ELM) is built,
the experiment shows that the model achieves more state of the art performance than the BP
neural network and the over-limit learning machine, the mean square error is reduced by 35.09%
and 25.49%, the average absolute error is reduced by 40.86% and 30.80%, and the average abso-
lute percentage error is reduced by 45.49% and 31.65%. Meanwhile, it provides a new method for
predicting PM: 5 concentration.
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Selection of GA-RELM Model Inputs

Pre-processing of Input Data for GA-RELM Model

Split Data Into Testing And Training Sets

Select Optimal Weights and Thresholds

by Genetic algorithm Initialize and Train Forecast Model

Evaluation of Forecast Models

Figure 1. GA-RELM based forecast framework steps
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Figure 2. Changsha City 2017 PM, 5 concentration raw data
& 2. KD 2017 5 PM, s REJRIG R

3.2. FAEREIEN R

1) 4%t 1R %
1 N
MAE = N§|Rpred - Rnb.v (5)
)RR J3 1R 22 40 HE RSP 33ME
1 N Rpred - Robs
MAPE = Wzl R (6)
) ITHRIRZE
1 N 2
RMSE = \/FZ" (Ryyes =R, ) (7)

KA, Ry, o R 5B ELSHE AT LN R R AR
3.3. Eixidig
3.3.1. BIC AEM#IT PM, 5 7K B 48 X HHE RO R BY

LETHI fa) @ F, AERUAR S IR R e BN, XTI EY RS A AR KR . AR SR A DU
DUH-H45 S UEN(BIC)%T PM,.s < BE TRINAR AL HE AT B 3% £, BIC #E I A FE A AR Z R (s e AR 10 i £ A
WS4, BB T FR BRI AN, BRI EA RRFAER T, RIEEATA &ML
BIC {H 1A & T & AR M[21],

BIC=—21ng(ék|y)+klogn (8)

P 1 BoR TR R/ S AR TN AR R, ARSI 7O T PMs IRIE 8 NMERMET—HK
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3.3.2. BESHEE

W ER T, IRATERAEEL 2017-01-01 2 2017-11-21 () 325 BRI NIIZGREA, 2017-11-21 &
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Table 1. Subsets of optimal predictor variables for different model sizes

%= 1. FRMEEA NS ETNE R F&

model SO, NO, PM;, CcO 0; Tmax Tomin Tavg

1 *

2 * *

3 * * *

4 * * *

5 * * * * *
6 * * * * * *
7 * * * * * * *
8 * * * * * * * *

Table 2. BIC values for different variable subsets
2. AEITEFEEER BIC &

Model 1 2 3 4

BIC —7180.312 =7579.4 —7676.008 —7683.124
Model 5 6 7 8

BIC —7683.16 —7679.58 —7673.14 —7666.192

Table 3. GA-RE-ELM parameters setting table
# 3. GA-RE-ELM 8#%

5 ZH i1
1 TR 30
2 R RIEREL 150
3 A XMEH 0.75
4 B2 RS 0.01
5 AT R4 E Sapr
6 Al AF TR RIEARAL
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Figure 3. Testing process of hidden layer number
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Table 4. Comparison of repeated test results

F 4. ZREEFWERLEE

A 28 31 32 36 37 43 50 62 95

YR 2E 21.714 21.569 21.464 21.283 21.492 21.139 21.142 21.893 25.011
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Table 5. Comparisons of prediction consequences for the different models

5. NEMRBLTUNEY UM LE RIS EE

BP ELM GA-RELM

Tra 21.67 9.5537 7.98
RMSE

Test 23.720 20.6615 15.3955

Tra 0.2031 0.1404 0.102
MAPE

Test 0.2330 0.1842 0.1270

Tra 17.38 59118 9.83
MAE

Test 19.3487 16.5346 11.4426

Note: Tra means Traing.
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BT+ A LR R IEWHT S i, 18 FHEUE T7 2k B0 PM, s B H7EFR I Y S 43 X A ik
(2] [3], TEIEAT[4] BT FU[S TR TS FEAE A R Lk AT = . 38 A T e S 2R 1 i 28 I 2 4
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NS AE[12].

SR, ARG R 2 S L(ELM)AR AL i T BEAL ™ A S N A UE B Z & T BIE, 233G BT 45
AFasE, A2 H BIC 15 BAENERE S PM, s IR EEAHOCHIFRNF, JRREEAE L RN SRR I HIA S &,
Feth 7 —F GA-RE-ELM #5204, W H R H] THUD T PM s IR BERI RN . AEAZ 5%, IR0 )~ )
PRI R AR, 1AL SR RS TR RS (N 2 BUEL RS 5 2 B R B TRk, AT FRAE T FERE M LT &5
R, RSB RIBINACE, FE T PMys IREERITIN 7%, BA TR SEbrig I E.

HE&mHE
AW R ER AARRIFEES R, BEIHE 61375063, 61773404, 11301549 1 11271378, #4%
4 H R KA AT A G B 4 42 (201 822ts322) B B

SE3Hk
(11 #hepk, A%k E W4 PM2.5 BB R[], RS SIRER, 2015, 31(4): 17-20.
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