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Abstract Air Quality Index (AQI) prediction is one of the hot topics in Air Quality research, which is helpful to
evaluate the impact of urban air pollutants on human health.In the past ten years, people have learned that air
pollution is a serious problem, Air Quality Index is a number, based on the synthetical effects of the main air
pollutant concentration, by government agencies to evaluate the air quality at different sites, is also used in many of
the world metropolis local and regional air quality management.Traditional prediction methods can only analyze
small amount of air quality data, which leads to low prediction accuracy, slow speed, low efficiency and easy data
fitting. In order to meet the requirements of users for real-time data processing.In this paper, a recursive neural
network model based on Long short-term memory (LSTM) is proposed. Because it can effectively utilize the
long-distance dependent information in sequence data, it is very suitable for the prediction of air quality index.In this
paper, the air quality data of Delhi and Houston in recent years are combined for regression fitting to predict the
future air quality index. This model uses MAPE, RMSE, R, IA and MAE to process the data, and is compared with
MLR(BGD), MLR(SGD), MLR(MBGD) and regression model (SVR).Experimental results show that LSTM neural
network can accurately predict AQI.
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ANFIZEAI I EE , LSTM F 45 R it e T 86 B I AL i 2
FH 32 25 4 P 11 7= A2 () Vanishing Gradient [ &
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MR HIRRED 8 ERIR BISCAERG il HLE
PR SEAT 55 B YR IR 2 B B AT R S 1
Hik.

RNN & —FhIE & o R B, nl DA s 24T
25, RASFITIM, 5 A& A7 5 A SCA . RNN
A LLEE R — NER RGP 7GR 1) MLP
%. el 1, EATLUE B — MRS x1.
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Table 1 The LSTM model algorithm
1 LSTM A H %

Algorithm  LSTM P 5%

1: Input: run_unit,Istm_layers,input_size,lr

2:  Output: output_size

3: defget train_data()

4: RENGRE

S: for i in range(len (normalized train_data) — time_step)
6: HHE A —1k

7: return beatch_index,train_x, train_y

8: def get train data()

9: SR A

10: for i in range(size - 1)

11: Hdfw)A—1

12: return mean,std,test,x, test_y

13:  def Istm()

14: & XMWEMLAEE: b,droput

15: HFr: wob

16:  def prediction()

17: for step in range(len(test _x) - 1)

18: FIAAR(7)- (12)i15 MAPE. RMSE. R. IA fil MAE

4 LIG5ZR

FEAT T, FATE A SCIR H I BORTE 2 S Hdfe
£E(Delhi A Houston ) L 7 FATHI 7774
4.1 EEiE

VT & B B PR, GBI A R 2
(MAE). P45 H 43 1% 2 (MAPE). 2% R EU(R)-

B175 IR ZE (RMSE)VM — EUE TR B (TA) S5 St iH e dr . &

TR (7 - (12) 4P

(1)MSE:(Mean Squared Error)
BrRERESHNMAITES S B E L H L

72 [1)°F-J7 (1 3 88 . MSE mJ DLVEAN 20408 1) AR AR FE

MSE /)y, 158 BRS04 S50 20305 BE 7 5.

n

1
MSE==>(t, -»,) (7

n =

(2) RMSE:( root mean square error, ) /5 R 1% %)

1 n
RMSE = /;Z(l‘k -y.) (8)
k=1

(3)MAE:(Mean Absolute Error)

1 n
MAE==>|t, - ,] ©)
1 k-

(4) MAPE(Mean Absolute Percentage Error)

(tk _yk)

MAPE:lZn:
Vi

n =

(5) HRXRER)

x100% (10)

“ (tk _;ka _;)

R=—"4 (11)
n IRV -\
SB35
=1 k=1
(6) IA(index of agreement, &%)
>t -»)
A=1-—"1 (12)

n

qtk _Z‘+‘J’k _;‘)Z
k=1
Horbn R SN v N TRIE, o I,
AR P,y IR ER I F .

PR I M RE AR VR4, B BEARER TR EE B
1R . MAE. MAPE. RMSE [#)#5:/MEF R 1A 1
B RAE AR B AR Y.
4.2 BIRE
Delhi A& EFEE I #, A28 1900 3, Houston
e 3 E B g BN B E O, N2 200 5. 2014
FEZ 2016 4F Delhi S f% ) Punjabi Bagh Wik )2
SRR EHE 2014 F£ % 2016 £ NO2, CO, 03
FTPM10, X e H4fE >k B EDRE gy Jeds i &2 R 2
(CPCB) IH1 Houston (1] Harris county ) AH 5<% 4
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55 2010 4% 2016 £ NO2, CO, O3, PMI0 fll
SO2, ¥k H R RE A E RS m (EPARL Ell
JE RS FIIR A A 1 2 SR =R A (AQD HIHLE A
RV A5 T3 2 FIER 3.

Table 2 AQI(0-500)FOR INDIA
& 2 B E RS RS (0-500) K5

TableS The R on Houston
x5 I 5SHBEMHEXEH®

Pearson Correlation Coefficient

Range AQI Category
0-50 Good
51-100 Satisfactory
101-150 Moderately Polluted
201-300 Poor
301-400 Very Poor
401-500 Sever

AQI 1
PM2.5 0.768
03 0.608
co 0.180
S02 0.159
NO2 0.210

Table 3 AQI(0-500)FOR UNITED STATES OF AMERICA
& 3 A BAREZTRERH0-5002K37

Range AQI Category
0-50 Good

51-100 Moderate

101-150 Unbhealthy for Sensitive Groups
201-300 Unhealthy

301-400 Very Unhealthy

401-500 Hazardous

A S I8 8 Y e v 27 b ) B R 8 B R 9% R B

(Pearson product-moment correlation  coefficient, X FX
fE PCCs 8L PPMCC, Hr %), X RE &=L
AR X 5 Y MRIEER —FJ7%, MK R IUE
VBELE[-1,1]. MR RBAXER, MK X 5
Y AR . 2 X 5 Y 2V G, PCCs>0 HoR
X 5Y EMK, PCCs<0 7n X 5 Y HiAH K. PCCs=0
RIRNTCLEME A 43 W 7E Delhi F1 Houston #5443k
17 AQI 5% ZH A 2 4T, a5k 4 F1Zk 5 P

Table 4 The R on Delhi
x4 NI 5SHHIEMHRRHER®)

Pearson Correlation Coefficient

AQI 1
PM10 0.991
03 0.185
co 0413
NO2 0.610

4.3 SLIGFLER

BT K #id 12 % Jo (long short-term
memory, LSTM)# 7. LSTM X} ##E 3k 47 %4> . 2014
HEA 2016 41 H Delhi 725 Ui 2 P 460 2634 Il 25
FEA, X 49 2684 FEA AT 500 epochs; 2010 4F )
2016 “Ei%& H Houston LA 1500 45 Bl AIZRFEA, Xt
500 2 FEAHEAT 500 epochs.

Delhi #1 Houston 75357 £ F5 £ (AQI) Tl Il ik
gy E 3 ME 4 frox. AWH SN ERS
AQI [ 1] Z1 Bl 73 il an ] 5 A1 6 Pl

500 A

400

300 A

200+

100 4

0 10 20 30 40 50
3 Delhi- LSTM ##EHE A< &

90

801

70 7

607

50 4

304

207

6 160 2l|)0 360 4l|)0 560
4 Houston- LSTM 5 3EREA N B
TEARTSEL T, BATKTE Delhi F1 Houston 1%
P b A A 2 T K % B 12 12 5 58 (long short-term
memory,LSTM) 5.2 1 4 />3 28 57733 17 MAPE .
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RMSE. R. IA fl MAE [JEL#EE. «oeee- LSTM [
Pt % = T MLR(BGD). MLR(SGD). MLR(MBGD)
R AT (SVR), 3 6 FIZE 7 Fiok.

Table 6 The Results on Delhi
# 6 LSTM J5 {5 7E Delhi b SEI6 45 5

Model MAE  MAPE R RMSE 14

MLR(BGD) 10.89 5.85 0.982 13.82 0.989
MLR(SGD) 7.67 3.93 0.989 10.68 0.991
MLR(MBGD)  6.66 3.60 0.993 8.80 0.994
SVR 5.13 3.01 0.996 6.20 0.998
LST™M 3.68 1.94 0.967 4.77 0.999

Table 7 The Results on Houston
# 7 LSTM 4 :7F Houston b sCig & B

Model MAE  MAPE R RMSE 14

MLR(BGD) 10.46 12.34 0.929 13.06 0.960
MLR(SGD) 10.28 12.11 0.931 12.92 0.962
MLR(MBGD)  9.11 10.13 0.931 10.90 0.963
SVR 591 7.16 0.979 7.25 0.988
LST™M 1.65 3.19 0.980 2.75 0.990

5 B4Zk

KA FEAE S HEE BB T BEALER BT BN
TR BT PR AN S r) & [B H (SVR) xS LE ) 2260 I
DA 7 HHEAZ W 2 (LSTM) 9 Il 5 J7 7200t A (7] 3
DX AN 32 IR T P B 8 A A ik AT IS 8] P 51 T . 3R 3
K 4 454 T Delhi A1 Houston FT A [a] )45 7Y f) 1] %
PEReTaRbR. HHARLAERABAIAE L, RA/DMEERS
T B BRI 2R 22 oo e 4 [m] VS Y B A B A ) 4
AE. ORI [EE(SVR)FE RS B AL T HoAth =] 5 42
AL tkAh,  HH TS A5 TR A I A A R A
F£ LSTM 1, A — 4L R 45 B HE N A7 I
6], Ak 1 BR BETH R BURNE R 10 J. B RIS
U AEES N EI P 28 H, FF 0 VR I 28 2 ST AR R BN 7
IS A T, Tde s T EERRS R, XA,
7E LSTM HE L Mz iR Z s 2k . 2 onge v [Hl e
AR FRDRE B AT DAE It 14 hn Rk =, (EH R
x.
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