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Abstract

Due to the complexity and dynamics of atmospheric environment, the accuracy of air quality index
prediction by traditional method is low. Firstly, this paper analyzes the correlation between air
quality index and main pollutants. Then, the long and short-term memory neural network model
based on Tensor Flow is used to predict the air quality index of Dalian and the error analysis id
made. The experimental results show that LSTM neural network model is more accurate than
support vector machine model and BP neural network model in predicting air quality index.
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WAEHG N2 T Prophet-FEHLARMBIRY, MRRIE IR BRI, A 1 L = Ui R R
T EHEANBIE T MAE-SVM B, B84 1 IIEEE; FFHEE N [AMR G A S S BN S
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LT PMos WS s SKEIAI 6L 1 T eledbb TR AL A A e I 2%, TR R 48 17 117 A S5 e
WRPE; AVERESEN[TIIE T Kera 7 LSTM BB, Sub KSR 7 (02 SR R AR B AT B, v 1 Ui
FERE; R4 A N8I3R t —FhEE 15 S MY 23 A1 LSTM R 2% 1) 25 BB TR BOR & TN %, MG B3
ai RN B R, 1% 1G-LSTM BEALELA AR A FI0I0 1R 22 RN 45 A

SR HLEESIME, RS SR E 2 T B R R B, B SR KRR il R
IBBET), WMBEREAER TR, SRS R, BRI ARE /(9] (F RS S h i3
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Kt E AR . 252 UREIREOH KNG G 20508 PM2s. PMygs NOp. SO, O3 #1 CO.

AQI 5L A
IAQI, =M(cP ~Cp ) +1AQI,

PH _CPL
AQI = max{IAOI,,IAQL,, IAQL,, -, IAQI, }
Hrr, 1AQl, NT5HM) P A URE D EEL  Co NIERIGRYIRIE, Cpy & 15 C, LAY

MR FE RSl , Cop N 1 5 Cp B BT YWk BEARALAE, 1AQL,, 24 Cpy XT M TAQI, » 1AQI, 24 Cpy
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Table 1. System concentration limits for air pollutants
1 BRISRYIRERE

PM, s ¥ & PMyq ¥ NO, ¥ & SO, K O ik CO WK
IAQI (24hFHME)  (4hFIfE) (4hFHE)  (24hFIME)  (QhFEE) QL hFHE)
ug/m? ug/m® ug/m® ug/m® ug/m® mg/m®

0 0 0 0 0 0 0

50 35 50 40 50 160 5
100 75 150 80 150 200 10
150 115 250 180 475 300 35
200 150 350 280 800 400 60
300 250 420 565 1600 800 90
400 350 500 750 2100 1000 120
500 500 600 940 2620 1200 150

2.2. LSTM #HZ MEE A R

K I HICIZ A R 25 (LSTM) 2 FE A #2525 (RNN) ) — Rk 20, B AITRR B 3 A f e, ]
PLii, LSTM #FZE /452 RNN o, e i B idfZ fgt S X[ 7]. LSTM A% oS 7E T 3tk
5 (cell state)F1“ 717 4544, B =FhRAM“ 1717 4584 1851 (forget gate)- %A I (input gate) 4 i 1] (output
gate) [10]. LSTM £ 2% i P &8 R F &5 an 14 1 o .

® @)
V- o _ w o ih A= ‘L
— an X @nb> > @b
® S ©, O O O
ﬂ u tan G o | u ﬂ ﬂ
=, L

Figure 1. The internal structure of LSTM neural network

[E] 1. LSTM #EZ MG A ER R 4548

BUSTRE RO 2 5 s O B R LS5 2, SR B B — DRSS IS B h FES TS B x, [F) A
FI| sigmoid K&, HHiE f /T 0 A1 28], BRI 0 AEBRZAE 27, kil 1 ARRBUZE IR . f,
HUha - /AW
f :O'(Wf [hea % ]+b )

Forf, W by SRR TR AR R
STV ERAMARES 5 b MBS 015 K Ry R A AT 915 x, 5] sigmoid bl ¥
ST TR, MG AT O F0 1 2, AT O RAMREE, WEEE 1 AT, &
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BRg b A x AEiEE] tanh B, '@Uiﬁ—/l\%ﬁﬁ‘lrn]%a o iy %Dévt FIit &A=
Iy =O-<Wi '[ht—llxt]+bi)
C, =tanh(W, -[h_,x]+b,)
Ho, W WAl T BoutRERBESERE, b b, 252l BooRER R E m &=
RS T A AN T AT RIS B, BT t 2 AR RES C,
Ct = ft *Ct—1+it *a
S TR R T ANBRRCIRAS IE, ¥ L —ANBRECIRAS 1IE B b AT S B x [FIER A3 3
sigmoid PR, HEIFIHE o , FRKFAIMIRES C, f£1B45 tanh AL, (FH S5HMHM o, , HAHE RIS
MAZAERHE S h o o Al h THEAR:
0, :O-(Wo '[ht—llxt]'i'bo)
h, =0, *tanh(C,)
b, W, by 2T TRIBCERRE . RE N E.
3. {RBIEST
3.1. BEKIE
AT AS FH I Sk B 250 (https://wwwe.agistudy.cn/historydatal) & A (R 4 S5 & 7 s 5dE, %
FEI ]2 2018 4 1 H 1 H % 2021 4F 9 H 30 H, RFEMZF N —R—IK, BT HFESEREES 2 RI1
BHEE R, SR SIEE S SO LLEIAER AN, AT CLEEEMIBR, MIBRERE S, Lt 1367 HXdE.

BiEis B S KETEHK AQL. PMys. PMy. NO,. SO,. O3 1 CO HIMKSE, X HA%EHT 6 KEE,
mnE 2 frw.

Table 2. Air quality index and concentration of main pollutants in Dalian (part)
2. RETESREREFMEZSRKREFRS)

3 AQI PM,s PMyo NO, SO, 0; co
20184 1 F 1 A 62 40 74 43 26 37 1.1
201841 H 2 A 4 22 41 24 21 50 0.7
2018 4 1 F1 3 A 38 16 38 19 16 62 0.6
20184 1 F 4 A 39 18 39 19 18 54 0.6
2018 4£ 1 A 5 A 40 22 40 26 20 57 0.7
2018 41 H 6 H 41 23 41 28 22 57 0.8

3.2. AQI FiEEE A< M5

ASCAEFH python H R AH 1 23 A R Ei00) 2 08 B 1 AH SC B 3R AT AR OGP 23 B, 180 HH AF DA 23 B 4
I, i 2 fros. ATUVEWKE H, KETTH AQI 5 PMas. PMig. NO,. SO,. Os. CO ¥JEIEMK,
AQI 5 PMys AR ik 80%, AQI 5 PMyg IAHIGYE RN 77%. Ik, 1A R0 RIE T i 2 Ui
&, MG TR LA EE PMos Al PMyg AT, IRE R ANE B J) B, FRAR S S PMos 1 PMy VR FE,
NIIE bty
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MARSAE P T/ T A, AQI 55 6 M5 Rk FE 2 [0 —E HIRHK, Rk,  ASCHE i i i
ZI1 6 MGHDIR A AQI VEABE R IR AR, N — I 200 AQI AF R (¥ e o
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Figure 2. Correlation analysis thermal diagram
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3.3 SR RERSIH

33.1. HIEAE
ARSCIEH 2018 4F 1 H 1 HZ 2021 4F 6 H 30 HEdE NI, 3t 1276 HEdE, ki 2021 427 A
1 HZE 2021 4 9 H 30 HAEHE/E RS, It o1 H¥dE. hTHEEENAE, 8 %K A BTE 15
B FERNIROR, TG SRR ZE RO, BRI, AR SCR A 2t i 003 — 1k (Min-Max scaling) 19777, #J5
IR AL B[O, LIMVE R, H— A
X — X - Xmin

o Xmax_xmin
HA, Xoom B H—WIEHEHE, X REMEEE, Xnins Xmax 20508 R UGEIREE 1 B /AME . B KA

3.3.2. LSTM &ML RAE

ALK python3.7 ZmFEsEil . MIEER) LSTM ML &5t in i 3 o, B4~ LSTM /2, Dropout
JZH1 Dense JEH4 /%, 25—~ LSTM EALFEA 40 1545, 2524 LSTM ZAHEA 50 15 %, 7E&4 LSTM 2
J& I\ Dropout /2. fitAbHE % batch_size B & N 32, a2 time_step W& N 10, IEACIEL epoch Ky
100, *KH Adam FiEgHAT AL, 223 %80 0.01.

Tnput :> LSTM :> LSTM :> Dense :{> Output

Dropout Dropout

Figure 3. Structure of LSTM neural network
3. LSTM #HEZM4% L4
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BN LSTM JZ 1] LABFRIR 22, S Mk, (HU2Id 21 LSTM 2t 2 25 53 N & 2%, A58 afi A8,
FLZ I A IS . Dropout 248 78 1 FE 40 22 X 28 R 2R R ey, 422 B8 — 5 (KM 20 440 25 X 2% B T %Y
IFEFE, LA R e LA 1 19 B . Dense J2 RERS X i 4 kAT B4 HE, [RIR AR A F K4S 2.

4. AQI T B £5 R 43 #ir
4.1. AQI T

HRPEFEE R LSTM BRSNS BEAT T, PR A5 B R BME HEAT SR — AL AR E], IS 2 S {E
AFMERA e, Horb, ZEMAARASE, HOmZCRTIE, Wi 4 P,
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Figure 4. The fitting curve of real value and predicted value based
on LSTM neural network model

4. BTF LSTM #EMER B M ESEMFUNER &%
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Figure 5. The fitting curve of real value and predicted value based
on SVM model
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Figure 6. The fitting curve of real value and predicted value based
on BP neural network model

& 6. T BP #EMEIER WA ERMFTUNEL & Lk

4.2. TN IERR
AT G ROR FIPEN Fa bRkt L BT @ A A 55, AFEI TR 22 (RMSE) .~ 4 xR %
(MAE)FI-F3) 48 %) H 43t iR 22 (MAPE) .

RMSE = %i“(y —ﬁ)z

13~
MAE = — =
o3

Y. Yi
Yi

MAPE = — Z x100%

m i=1

e, m FRTME ALy, RS, Y, FoR Y.

LSTM #ZE I EAY . SVM BEALFN BP #1248 WY 28 B2 (1) PR FR AR e 3 fram. I LAE H, SVM A
A1 BP 4 W28 A AQI ISR AL, SVM BRI T BP #2815, (H LSTM B8 [ % 1
PR FEARER T A T SVM BERLAN BP #4245 B8

Table 3. Evaluation indexes of each model

I 3. HRBEITMNIER

LSTM #4245 1L 7Y SVM fi#! BP #8142 P 45 5 1Y
RMSE 5.62 15.43 16.29
MAE 450 12.52 15.01
MAPE 8.76% 20.19% 23.91%

5. &5Rig

AR NI E LR, N T RES SRR TR, A SCRHET TensorFlow 1
LSTM £ W2% 6k K GE T B2 SR EAR BOAT T, LSTM A28 2% 0] LUAG 25 pedsh JEE Vi 2 it i AV
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