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An Air Pollutant Prediction Model Based on
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Abstract: In this paper, an autoencoder-based pollutant
prediction (AEPP) model is proposed based on the auto-
encoder neural network, which is composed of an encoder and
a decoder. First, the encoder extracts the distribution
characteristics of the time series of pollutant concentration
data, namely the context vector. Secondly, the decoder uses
the extracted

concentration data in the next unknown time.

to predict the pollutant
Both the
encoder and the decoder in the model can adopt several LSTM

characteristics

structures for long-time prediction. Experiments show that
the AEPP model proposed in this paper can improve the effect
of pollutant prediction.

Key words: air pollutant prediction; auto-encoder model;

Wk H A 2018-07-04

deep learning; numerical analysis

SR> LR B FIR B 2 ) BER AR i 57 B
BREAR, IR WM R4 T R X
P PR A RO B A i 28 T e 4 R
BT RN T BB BOR , SEBRHER SR B 2= R
T5 YL PR , B 2B 28 <95 Y IR B U i £
A [N

MR BE SR , 23S T5 Y Wy U B T 2 — 1>
SLTRY 4 st ] e 51 b N [ R, B o A T
B FR) B T AR R R i [] DAY P 5080 [ R e
ZERTE YRk B TN AL 2 EATHE BT SR
PERNGETH 7 15 1 2 S MR T, e T B A A A
BATRN , A P2 4 BE 3 A B TN, L R B TR Gl
v ) BTN 45, 3 HeAR R B B A T ALY
TR, 5 T SC B ; T A T A AR BEAR. SR
X 2675 1 A AE LA R - DK 75 G 5 T A
RN TE R 7 s A A e L L, 4RO T P s 22
Lol SEAREE LY/ AV KE SN A e YN )
SR 278X — [l R B B Bt 4k B BE 1 FR o
P st 5 I K540 6 PR AS 808 58 0 AR AR R A
T TS G YR BE B A B s O X TS Y Bt AR 5%
BRAFAE A REZEAT TR IR UK B9 23 1 » Tovk 4R BOBCHE A] %
JERHERR.

ATAER , A TR 2 > 7245 U8R B R
TRBE A > BB BT HL 45 AR 3 B K005 7 371 T 4 e
JE R — e AE SR BT SRR A X F AR GEAL
o X BB T5 3% , DR BE 2 ~J 76 LA 6] 7 51 2 R4k
ARCHE T 7 A AT 3 MR : OB FER
R b BN S A B8 0 75 T T LASZ 4 3 S R Z (8]
HITRIR R R 4R 2 TS e TN ) e 1 5 @ 2 T IR

HEWE. BREARP ¥ E S (61572326, 61702333, 61772366); - HF 1T A 4R B} 3 3 4 (18ZR1428300); b ¥ 1 B & 4 37 W H
(17070502800, 16]JC1403000); k¥ i # Z M H (C160049); ik AR R A EMF T BEEHRB BT HESLE ZE MRS

(ESSCKF 2016-01)

SR RV (1981, 5, THUW, 1A, EZEHFSEI7 10 K BT 8B 4540 B 5+ . E-mail qindm@3clear, com
WA B B(1982—) . B 0T, T2EHE, EEEHFIEIT 10 Ak SV AP0 AR B BLAS 2 7. B-mail. _shao@shnu. edu. cn



682 Il ¥ K % % ROH R B % 8O

F4T%

JE 27 27 BB 7 5 O AH b F A& Geplas 2% > T Oy
5 AT LK 2 Y0 S50 0 A T 1 2R, SE IR R 4K
it 00 7843 R o ] B 2% 1 50 e e i) R 23 [] 43 A Y
AEAY A5 BB 440 FUEE , T RUCH A 3k 2 43 A #1
X oA ok — B B 1] ) 50 2R A7 0 5 @38 i B 1 IR
7% TR BRI I 2 , e PR 538 B 7 VR IR B R E IR
) X 4% o 7 b B0 A B B RO o 0L P TR R S ot
YA RY H S PR, TT LA ASCHR 1 R N 4% T
B R R MR M, AR BIDRS v 00 4 E ).

R T FEA R TR B 2 S AR B R AIE SE L 2 <5 G
RELHE T , A7 DA% e P T00 000 A 28 3o 43K o T 3 2%
2200 BN 22 L JR BR T R 2 B R AT R B A R A
ARSCHEH T — A B 45 U B T AR A S o
3 5075 Yk B B 447 » B4 D 58 RO B R AIE
G3A0 » SEBL P15 G B B S IR M B B, $2 - 0 )
HERR M. ASCHR B Y B G b5 T 00 455 20 0, 458 S 5 45 R0
FRAD AR PR 43 » 45 S B 2 B 8] X 8] 95 4 )
WREE, S5 T s BOHE R AR BUHE L P B ) 1
TE B — B4 25 Dy S0 B0 R A 23 A5 19 90427 5 R AG 2
FI R EHE FRAE T ) B R A5 Y 5 B ATk 3]
S A TN TS Y MR B Y. SR T B — 25 4R 5 T
e S, 435 A LSTM(long short-term memory) %)
BERY, DR T dntS R i (5 B R AL B8 7 , [ 45 76 T00 By
BABEZSZAKYE (R fif i 584 28 1 4 .
5 s A SCLL PM,, 5 R o %o 0 45 51 5 52 b ) it 45
RAFAT AL, KB R RUR.

1 HEXIME

PR~ o f BB T RAS0T5 G T 45 48R P 4
REF YL, AR AR TAEGLAR S > A R AL (Y
23 S5 YUk BE TN 7 T R F T R EE Y. Horp,
TR ALY B BE T AT LA AEARE A B AR
DB A5 B bL AR AR B TR AACR. S e =L EHE R
—FETFET I W RN W eI L
PR 15 B)T5 Yk B -5 A PR 2R 2 18] #8105 3¢
RN A R , AR R 519 o6 85 F- T 5
BER /M TS5 G 1R TF B0 54 2 B 20 1 XU BRI 8K
B AL SRR/ MG ), B 2 Ny B O 1813 2 5 A
F—FaiE Z i Gilas2: I 456 17k (R g
RPN T SORf 22 o 245 [m] 90090 45 A, S AL 7
BEATUNSRFNI G , B AT 5 B SR AR Y T T 0.

WEAIERSTEMM A, & EH TR
X 22D | Hossain'™® 283 52 T FH I B ) #i

S L TEAR MRS B TA] P 3] b oA HE Y 22 J2 5 P
22 2% B b 5 BRUR S BR A 5 Oscar 1] FH IR BE 45
P B A2 J% 0 B B Bk R, 45 & BB b 3 T
(graphical processing units)?) 47 I8 JF T LA 6%
B b S R RE A5 5 — SR IR A ) 5 X
HITI LG B FE R, TREE 2% > e XU i
TR T3 T+ 53 K, REAS IR B 8/ T R 22 5
HEEMUE R T B—RER IR G5 RN,
AEEREMMEZR. HRL P —FRRIEZ
B Z A H A B SRR RN 5 Eb A0 U8 IR BE T, A
7 R R — B 1A] IR BE A, IR B2 B L IR R SE
S

FEZS R 5 e T O T . 7 SO ARV TR A
AT A RGP IR, SEPUEE T4 Y KRB AR L,
G35 T 15 YL i a5 AR AR A ] A A L A5 B TR SOHE
195 B AR AL AL s Kuremoto 5571 A By B> 52 BR ik
R %% 2 Ml ( restricted boltzmann machines,
RBMs) SV B TR BE I 45 AT B o, 358 1
F|FH CATS(competition on artificial time series) Z&
HESI R 45 B4E . E B RBMs HL 4k MERE AL ARIMA
(auto regressive integrated moving average) ® 4 fg
5 5i5h, Ong SRR EHEARR SRR TR
BETE 35 4 2 M 2% (deep recurrent neural network,
DRNND P42 i 23 45, 15 Y Wy Wk B2 T 000 , - 31F W A )
%147 ,DRNN . RBMs f=A4: iy 25 R B 4700, (A2
FEZ T 2 F B RNN JE 2R B8 B 1k 46 B2 T 2% B R
2, Bt At 1] e 510 A 336 i, RNIN £ B3 22 /i RO 15 Bk
/D IR 2 T BB AR X S T AN U R TR
FES BT Bk 1 FR. Athira? 25t 38 —Fh LT
RNN #2235 Je B B , 5 Z 81 B9 T AE— 5 b
55 TRV 0 ¥ ik e K 30 T30 14 5] R, L 5507 $2 1
T—FhEET LSTM W28 ]I Y Wil 7 ¥, %O a1
—ERREE LY T B R] A Y R R, 1B R X A
o L AR AR B, %o T 45 SR A — B S .

AR ST R AR AR R SR — B A [R] 9 28 <15 Je vk
JEE A0 LS 38 A W A ) LN AR 0 20 S8 ST A T S O
iz b AT TAEER A5 B TR VR 2 IR B B 434
IE R BEFE 4> AR o S0 H00HE B9 3 A0 R AIE. AR 3G T
—A B G R B OB Y, 48 By 5 4 R U
B INTTTXF AR T3 Y Uk B AT 6 BRI AR AL R F
Gl e IR A AR 4 , JH rh A 25 SR 48 T sk A
B RS a8 R 2= S5 Yo ik B, S T 4R T+ W g
T3, ASCGE BN LSTM W48 45 #4948 T+ gn 5 4% 19 15
BREEREST W ZETI A B B A 3 2 B 25 R 38



E5H

AR, G HET A 4D 4 a5 R R E T 683

R A R A 1 T

2 ETHRENZNZETSTEEN
=

R EE % 2] B 5 B Hinton %5 A48 7, RB 6558
of A 3E BN R D7 B XA A B R AT — R A B 2R,
It 5 ) 8 ) 45 S 40 B R A B B A TR IR W 4%
SR EILAS 2R > .

25 43,75 Y T 0 ) R A 7Y 1) B (] 5 5] 50 T
() R , B 2k — B 2 6 s ] DX ] £ 3 37 301 i 0 i
J& — BB ] X 6] B 45 AR SCH A B G i 28 ) 4%
H R - AL A 3R, 456 LSTM) 45 KA, 48 i
— PP T B G A% M 4 1 25 ST 4 I B A (auto-
encoder based pollutant prediction, AEPP) , D) fi# th
23395 YL B W K 5 50 Bt TR 6 [R) R, S BRLES JR]
FITI. LSTM W] LA 24 H A 38 B P B8 , 1 4 A4
B3 5 35 e Wk B LA % [) — B 220 A SR B 5 4R B
s A SUE B, 15 R 42 2T 31 s B i 43
A RHE , [RI B B 1 B 205 R A IR, SE TN J S — B
i ] £ 75 Lo (R T
2.1 HiREX

A3 S B[] I R E — A 5 e SR o AR
T E— B[] X ) %) 50 -4 R [ 4 g 5
A B TR v B A TS e iR 3 Oy X
=(x1sv sy ). FHeH, m R EFIE]F S B BT,
x, WA E T YR B R  XUER R ] 8 B R K
B H A5 e Mk B S I R AR AR B AR R
7], AEPP W] 645518 A i A EL» RIS T AR A B2
Ry B TR P 1 T, T LA &1 R 1 H 339485 % T
DL/INES Ay SRS ) B ] 3 37 9030 o ) 32 45 R 1
INEHE. Bk Y= (yrs** s Yo s Yu)s S ARX R B
FrEE] P50 n Syt P SN s y, RBFE—T5 4
VAR P UL U {1

T #E AEPP Hr 32 U5 e M 808 09 R AE 531
AEPP 45 4k 4mt5 %% (Encoder) , F T BU A
R MA UG B o — 25 00 Y i 25 42 B BR 1) &
GEA O B m & C 435 i 25— B (Al 4 A 1Y
A RUE B H R , AEPP Yl 2525 2% (Decoder) , 44
Rk 1 & C 1 A 3| Decoder H, #] F§ Decoder i EL
AR I RRE AR 2. 5 55 8 Decoder i BE B[]
Y P TN AR AT R e — B 1] [X. 8] 14 15 4 4 e 5 3
{5, P={p1se>s s o) HUE P IS B AR BT
mEY RS,

2.2 AEPP Hifj LSTM #&REViZ &

LSTM & —Fpfa s MG 4 M 4% RNN gt
BERY, SEER R, LSTM X T 5 S B A L4
YFRIBOR. LSTM #2250 H N 77 il 570 T 7 i
REME L AT N E R TSHORVI R B AFNE
BRAEGE TT. LA TR BT 5 ] Fda
I"]. 5 RNN A E, LSTM 4 A2 BT LA F A7 6 20
JCHI T R B S B R B S B PR I AE M 2
JoH SR BB IR B B PE R B R, LSTM i 82
AKX

i, =cWuz, +Wih o +Ws o ceq +6)

fz = J(ijxl ‘|—thhH ‘|—ch ° Cr1 —|‘bf)
¢, = [y o cm i, o tanhWox, +Wih— +b.)
00 = oWy, +Wihy +Wy o, +6,)
h, = o, o tanh(c,)

K i finoineohe FHNRIRS ¢ B2 BR80T
IT T 2 HDIR 2SN BRUBR 2 B H 5 o O logistic
sigmoid iR ¥ W & AN 1T W1 3R AL ; - SR
Hadamard 3R,

ARSI GG s RS A 22 LSTM &
LRI BT B ) £ A5 2, DA TG S5 B SR 3R BUI5 Y
15 B AT Y AL I RE ).

2.3 TRTEMNEER

ARSI ) AEPP H 40t N 45 B 7Y i w456
S, Bl g tE #8 (Encoder) Flf#ERS #5 (Decoder) , 43
S Encoder F 4615 B, » Decoder Hill {5 8. 4<3C
#1 Encoder 34 LSTM SZ . #F Encoder 843 3% 18
B ] 565 P 51 K 5 G 4 ok B 0 5 4 B T i A B
LSTM P&, H b $4fE B T4 19 2 Fg A e 220 75
Yy B IAE. SR )5 AR BB Gt 2% 1 B Jg — 1 B %)
RSB ) &, AR B M & C. C BB AR B
B[R] X [B] 15 B » [R1E OR B B AR S B, R B
AHEBERFIEE . i, C ik F B 6t E] X 6]
WIS EYE R Mk4E “ic1e”, FEQEIFRYEER
IR 2315

HE—#5 #b, AEPP ' Decoder & 4% 4 i 2% “iC
127, ¥ 285 1E C P RYME B EHT K. Decoder 4 H
LSTM #58, ¥ gD a5 i C 5 A 2R s, fhnae
FEARYE B0 AR B B PIRES X T — B 2 75
YLk BEFEAT IO,

AEPP f# A A& 1 Fis.

TE IRt -ARADAS 4L B AEPP 58U o, i ik
IR — AW R , B i~ B2
£ F & H S WictZ (BRRD) HE LI AR R



684 Il ¥ K % % ROH R B % 8O

F4T%

Decoder

Encoder

)
Bl 4Fs5-fEmmasEs
Fig.1 Encoder-decoder model

5] R ) R 2 P 48 B2 [ 58 ) o i A7 2 S il o 3
ZHTH AR (AT A R 5t AN F B R, JF BB BT
IR AR, St — BB ] 5 2% >, K15 —E WY
MR TERL C R e B B C PSR R
FEAT R, X5 AR SR — BB [R] A 45 8 A T
2.3.1 Encoder #%it

HitiEas 3 B X i A B B O AT RRAE 4R
B ARKEARRMEATY] X ¥4 H LSTM
IR RMEEA C. RSB ERMAITFI X= (21,
ez s zr) s W BREOIRZS € AT RLGE i A3
53,

h: = f(x,shi1); C= ¢({h1y hy })
Kz, At B2 AME s b 9 b — I 20 B 2
RS 5 £ LSTM B8 h, 2 ¢ B 2] BRBCRAS 5 6
R BEBOIRAS T SR & CfF o LSTM H iy i
J5— BRI R, BUE 2 BRI R AR AL
2.3.2 Decoder i%it

R FEINRE R L A C R R 20 i A %K
P TR T — B 20 () 5 G R

fRigas E 2 AT .

hiys; = f(yz—l 9 S—1 ,O
pe=Wi+5b

s, R 2580 B 20 i T4 5 - A b — B 20 )
HHE 551 R 0= 1 B2 A BRGEARZS s b, g ¢ Y 2200 S 5
P At B2 e s Wb SRR RIS
2.3.3 ETF Encoder-Decoder #) AEPP Fjlj# &l

AR H AEPP fRLE 5B M & C &,
R Ao % ) £ 2 B5CRI K R P 7 R R i 8 I
SR, SEILXT TG YL vk 5 18] 7 5 3900 1) T R, 900 5
RGN 2 fis.

AEPP #AI IS R4

B, mEa A L)E LSTM M AR, /K 0OK i
NG A B is e . 40 i A 2% X o 8 0

. -
i g e
=

n |2 Random

Forest-LSTM

A
i

B2 AEPPZHMAER
Fig.2 AEPP Model

e, A5 B E i AR B RHE 23 15 1 CL 15 B A5
P RE R R,

SRIG [ C 1B fRRSER I BRBCIR A , HEAT 8
FERT. 7E 1o B2 SRS BRI A A, AT 2%
HAE N RRSE T IR (5 5. A (UK S C A to
B 20 A TIAEL 5 76 i B 200, SRR AR 45 G 1y B 22 B B
HE R BROROIR A A A ¢ 20 TR s AR R 263, B
2 A i —A B 18] P 371 435 e 00 ik T A

B S S T FE B A P=(p1soes pis ey
Pa) s BFRFFHITIER Y=Cy1s s yis s 320 s FE X

105K R BIOKE TR 22 S 17 % 2 R0 2% 7 3 AL
BRBETT I 0k 18] 2 I 46 4% 2 B FR AU ME, B R Y

T AEPP £ 50, 4 5 2 71 80 B 45 00 P [ 6 2
LSTM 2549 . — ARG BHI A7 51 » 55— R SR A
Wk s Hor, 4 b5 4 AR RS A% 9 LSTM 2
HOR AT LA 6.

3 KBRIFEER

ARSI LGB AR A W B AR T PMy. s K
B Fri5 4. SE6 i A Si0HE AR B R] B o 2010 4F
1A 1H3 20144 12 A 31 H, FZ W00 4 5=
ARGy VA B K /N PML 5 (B 58 A R VSRR
] KGR E B R RS,
3.1 HiEmAEESER—I

H PR ZHM, SR SR G RIE A
FIRASIR], ORI 3 BB R A AR A 22 ). b, e AR 45 48 4R



E5H

AR, G HET A 4D 4 a5 R R E T 685

H PMa, 5 X — 81 RO AR AL R 0~ 994, T i BE A%
AT R — 19~ 42 5 XU [ i3 — NI 4% 7 1) 4
P, U {ELAE T Rl A 2 7 (o OO A4, = 30
HE M EIFIBRE N TR 3, 2 M 48t R REEE
F AR AL BRI » T AT 20 368 UL I K 4l AT 4 2
— R4, AR, AR SEHKE XU iX — T AR
BT, B AR AR VAR B AR O P XUAR A 1. XA
2 ALRAE S 3 S54E s SR K BT A VLI K4 4 B U
TR PR EI A R IE B 48 2] 0~1 Z 8], X AR P A 1Y
0405 7 [ — 3 B e sl » FT LAk S R B R Bk
/NFE RIS AT R ZR sk
3.2 HiRUIKA

ARSCSL By 5 SCE AN ] B M A UL e 1) 27 11
T B ] B N Ay T b ) L R4 SR PR
AR RS R B H o9 M5 N Z 0. RS A
THER AL B M- N i 22 B WL B 24 1 — 1 30 B
TG RIFZE A R sh— i 28 H s B M+ N
S 20 ) UL L 244 5 — A B0 BT 5 8 FRIX R 4R A
EL B BHE 5 s 1] R R 5 SR 5 B B8 B ot & 9
BB R . Bm A N [ Ty ,M+N, D],
LI LA DL A [ Tie » M, D HAREE M 2NN A
[Taes N, DI HA, Ty 8RB ITH B8, D A%
AEZEBE , B[R] — ik 200 25 b SR 6L f 6. Bt D) A 4
Kl 3 7.

%

G g EH g
w8

T 1)

B3 BiEIHRE
Fig.3 Data slices

3.3 WML

N T REIA SRR L A S SRR R R IR 2
S 2RI U 43 =K, BV 80 %0 i B ok
PNZRAERY , 20 %0 FIR ML 2L F) o k. 11 25858
MBI R LR (XY K ,i€ (0,N),N i
EEFHEIEBEGX =z x2s s 2 )Y = {yis
Vi st Yin ) 3T 4350 > B A [ DX i) 60 $50 0 B )
X [H].

T BAEAR R RNN 2544 %7 AEPP 5 2 i)

M, SEES R FH T AR B9 RNN 4544, Bl RNNLGRU
(gated recurrent unit) F1 LSTM £ 46 Il #5 B 19 4
AE. B TA p ) GmAD A AR A% LU IR RIS, A B
FE B TR] B ], T LA 1 E 9 4 2 260 et ) AR 35030 B[] , S
I oA R 5 B2 A SORMME RIS 3 B %)
B35 YL FRIAE CRRIFRL 5, 3TBO VIR BY. o TR
AR 58—, MR B AR 72 h E S
SEE T 5 24 h 75 G Py UL 8 (R AR 72, 24 ]
B.

T 5. X TR AL SR A A 8 4, $E B R0 ] X 8]
RS IME 3% 75 5 A Bl dmfid s . AR5 X TR
R RS 2R 43 » VI 2R AN B B R 2 — B0 53X W0
A Be ¥ A b — B 2 i LSS B R — B 2 T
YU . FERR RG2S B FF IR BT 2 0 KA E R 10,
XL AR R AR A% FE I G A A BT Uk 4 1Y) R )
CRTAMX —B) 2 20 WIS YR EE p1. SR)E . FRIG 2K
PEPH Y, 5B ZINME v AR gidas o,
T £, B2 B T5 YR BE po 5 LA HE S v, T
D3y B py G54, BARBUR MR MAEY, 51T
—AN B2, 5 — B Z b 10, B 0, yas yis oot
Vi1 ) » IXFERL AT LA IR B A b — B 20 S0 R — B

Pa

i3

Decoder
B4 JIgHrEftpEAmEEnEa

Fig.4 Structures of decoder in training and test

Sy G 6 MELEL RNN A& GRU #EHY
LSTM # %I . RNN+ AEPP ## GRU+ AEPP ##
AUF LSTM+ AEPP #5#Y, X+ AEPP A&, SCI6 vk
R 5 /B 220 B ORI {14 Ry 5 R i A 38 o A B
W) 3 A~BF ZI ) PM,.s ¥k BE. BT RNN 7L
GRU fAIFD LSTM B RIZE[ 5,3 |Be M 72, 24 JBE A
AT AR 250, SRR B BNk, ARG, #k BR 3R
FRIU) 43 530 %5 i A A Y AT U1 SR A IR, O 10 S L 5
R

SLEG LSRR LI EIEE P, PM, s 1 BT BV
FEARETE IR 0~994. £ 100 #2034, Fr A 1A
MR KRB e B T RS, Z R R EROr
AU ASCAH PR AR AT I, 52 6 45 51 45 T




686 Il ¥ K % % ROH R B % 8O

F4T%

# 1. R, RMSE R RRE, [HB/NRRE
1 BB 4 5 A O 2R B3R s L S (B R T 0 £ =2 )
PHOCHREE  BREEIT 1, AHOCHE LS. R P B G 5 2]
/NEL G 2 f7. CAMx (comprehensive air quality
model with extensions ). CMAQ ( community
multiscale air quality modeling system) , NAOPMS
(nested air quality prediction modeling system) F/
WRF-CHEM ( weather research and forecasting
model coupled with chemistry) F/R{& 40 T5 4L 4 Fm
7, RNN,GRU F1 LSTM %75 28 $iL 98 354 28 )
% BJ5 31 AEPP 5 B3R 7R A 3 BB B AR [A]
MM HE.

F1 #ERXFLER
Tab.1 Comparison of models
JURWE/(ug * m™2)

Tk

[5,3]-RMSE  [72,24]-RMSE
CAMx iGNl 37.50 0. 69
CMAQ AATH 36. 30 0. 68
NAOPMS AW 40. 80 0. 67
WRF-CHEM AW 43. 50 0.45
RNN 27.73 24. 82 0. 96
GRU 27. 47 25. 09 0. 96
LSTM 27. 04 25. 07 0. 96
RNN+AEPP 131. 80 135. 87 AT H
GRU-+AEPP 15. 68 25. 43 0.98
LSTM+ AEPP 15. 38 7.53 0. 997

% F Al RNN,.GRU 1 LSTM 3%, [ 5, 3]
ML72, 24 | BRI S HOR AT L2, BB
=1 AT LUE W, O SOR IF A KR R F. X F
AEPP SRR UL, [5, 3 1B FI[ 72, 24 | BB AU S 40 m]
PIFEEE  ARSEG R R[5, 3B SR VI A 4%, SR I
[72, 24 JBAEMIA.

M 1 ATLIE ) : LSTM+ AEPP #5217 1 il 5
B, FH 5P B 1R s RNN+ AEPP A58 F0 AN H 45 5% 5
GRU-+AEPP #E R Hi U 0UR — . X # Ui LSTM
Yo F g Bt ] 3 50 (] 85 L RNN Fi GRU 4.

R T #— 2k LSTM+ AEPP 5 2 i 4 5,
SCIGARSEf R[5, 31 B AR B S 480, X R TR
B 1) B3 14 5 a2 A7 00 3K, SR P #9280 ) s
452 L3,1].06,2].[9,3]. - [72, 24 15, Btk
LR 3¢ 1. & TET E] Bt ) RMSE W& 5 Bk,

HH SEI0 AT L Y . T90 000 B ] e <, 90 00K B
. B ET LB Y, LSTM 3 FH T ok i 1) 4 i
J*) .

2751
o 25.0r
g 22.5f
50 20.0f
< 17.5¢
50k

7 12.51
E 10.0F

75 C_1 1 1 1 Il 1 J
0 4 8 12 16 20 24
TR (8] /h
E5 AEREENSEYRERE RMSE &
Fig.5 RMSE:s in different periods

i 218 R, BT IR AR T K B R] 3 51
AR  7E 1B B U ERTS P IR AR (Uit A7 8L
75 R PR AR AL S8 s R R S RSP I, &
H BT I 5 1R B A D X 2 LSTM. F) 4 4 T B
TEH).

5 DL LSTMA AEPP #8445 tH—4~ PM.,. 5
FEEAS , 4N &l 6 BT,

1601 —— 15 el
c’?; 140f -----ﬁﬁ;«{gj{ﬁ
- 120t B
an
E 100}
=
= 80
I 60f
H% 40t
2 201
0 10 20 30 40 50 60
B8] /h
E 6 PM,;fillfEs
Fig.6 Samples of prediction
4 g

ARG T —AFETIRE ST §75 G Yy B
B, ERA G YR B HEAT P S AR, TS 5
e BE AR R B X PRI TY 3= 2 25 % A | SRR B 4%
AT oK B 45 1 5275 B vk B2 oA o I T R At
] B A 75 ey e . S SE IR UE I, AN Y 7 S 0 7
YWy vie B I J5 T AT LA BRI R 58 BORCR. R R Z AL
JE: A T P 1V £ 38 0, M0 SR 22 5 7RI 5 B B
AL B TG A R EZ R BRXBAFE
KA B AR« T P 1) X ] A, 0 45 SR o
i s T A ) X[ A L AN E TR 3B 2 o0 o4 7
L EARRS T R



E5H

AR, G HET A 4D 4 a5 R R E T

687

Sk

(1]

(2]

£3]

[4]

[5]

L6]

7]

[8]

L9]

(10]

[11]

[12]

[13]

T4, A, MBIpER, %, BT BP AWM RIS REHMS
BIDFFRELT]. BREERLEIFST, 2002, 15(5):62.

WANG Jian, HU Xiaomin, ZHENG Longxi, et al. Study on
forecasting of air pollution based on bp model[J]. Research of
Environmental Sciences, 2002, 15(5):62.

HOSSAIN M, REKABDAR B, LOUIS S J, et al. Forecasting
the weather of Nevada: a deep learning approach[ C] // 2015
International Joint Conference on Neural Networks (IJCNN).
Killarney: IEEE, 2015:1-6.

ONG B T, SUGIURA K, ZETTSU K. Dynamic pre-training of
deep recurrent neural networks for predicting environmental
monitoring data[ C] // IEEE International Conference on Big
Data. Washington D C. IEEE Computer Society, 2014.
760-765.

KUREMOTO T, KIMURA S, KOBAYASHI K, et al. Time
series forecasting using a deep belief network with restricted
Boltzmann machines [ J ]. Neurocomputing, 2014, 137
(15):47.

LENDASSE A, OJA E, SIMULA O, et al. Time series
prediction competition: the CATS benchmark [ J J.
Neurocomputing, 2007, 70(13/14/15):2325.

BOX G E P, JENKINS G M, REINSEL G C. Time series
analysis: forecasting and control[M]. 5th ed. Hoboken N J:
John Wiley & Sons, 2015.

ke, K, Bk, % BT SRR YL E R T
PM2. 5 e EEBIILT]. RN TR 551, 2015(11):3106.
XIE Yonghua, ZHANG Mingmin, YANG Le, et al. Predicting
urban PM2. 5 concentration in China using support vector
regression [ J ]. Computer Engineering and Design, 2015
(11):3106.

WA, B4, BRI STHpm B AL T R TS5 Rk BB
WITL. HEHEARE K RE, 2010, 20(1):250.

CHEN Qiao, CAO Genniu, CHEN Liu. Application of support
vector machine to atmospheric pollution prediction [ J J.
Computer Technology and Development, 2010, 20(1):250.
HE, BB, 30U, %, FASHERES S TL A E RS
HEJLE PM10 TR [J]. BRsERl2#4R, 2015, 35(1) :56.
HUANG Si, TANG Xiao, XU Wenshuai, et al. Application of
ensemble forecast and linear regression method in improving
PM10 forecast over Beijing areas [ J]. Acta Scientiae
Circumstantiae, 2015, 35(1).56.

DENG L, LI X. Machine learning paradigms for speech
recognition: an overview [J]. IEEE Transactions on Audio
Speech & Language Processing, 2013, 21(5):1060.

DAN C, MEIER U, MASCI J, et al. Multi-column deep neural
network for traffic sign classification[J]. Neural Networks the
Official Journal of the International Neural Network Society,
2012, 32(1):333.

BALDI P, SADOWSKI P, WHITESON D. Searching for exotic
particles in high-energy physics with deep learning. [JJ.
Nature Communications, 2014, 5(5):4308.

LANGE S, RIEDMILLER M. Deep auto-encoder neural

[14]

[15]

[16]

[17]

(18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

[28]

networks in reinforcement learning[ C] // International Joint
Conference on Neural Networks (IJCNN). Barcelona: IEEE,
2010 1-8.

BALDI P. Autoencoders,
architectures [ C] // Proceedings of ICML workshop on
unsupervised and transfer learning. Edinburgh: Journal of
Machine Learning and Research, 2012; 37-49.

HOCHREITER S, SCHMIDHUBER J. Long short-term
memory[J]. Neural Computation, 1997, 9(8):1735.

NOBLE W S. What is a support vector machine? [J]. Nature
Biotechnology, 2006, 24(12):1565.

BHy. TR EHIFEPLAR Y b RS (D], BES . i
AR, 2007.

LUO Yu. Research on application of support vector machine in

unsupervised learning and deep

machine learning [ D ]. Chengdu: Southwest Jiaotong
University, 2007.

PrRbeig, E-LR, EHhAE. H SN R 22 06T 32 94 ) it m S AL
[I]. BF51E 8%, 2008, 30(2):367.

CHEN Xiaofeng, WANG Shitong, CAO Suqun. SVR with
adaptive error penalization [ J]. Journal of Electronics &
Information Technology, 2008, 30(2):367.

DRAPER N R, SMITH H. Selecting the “best” regression
equation[J]. Applied Regression Analysis, 1998(1);: 327.
OSCAR E D Q. Deep learning for temperature prediction using
GPUs [ D .
Valéncia, 2015.
SERGIO A T, LUDERMIR T B. Deep learning for wind speed
forecasting in northeastern region of Brazil [ C] // Brazilian

Natal: IEEE, 2015.

Valencia:  Universitat Politécnica de

Conference on Intelligent Systems.
322-3217.

FIE, wAME, R, % ETREXIVREESRE
PeBERLT]. PEABEE, 2015(6):46.

YIN Wenjun, ZHANG Dawei, YAN Jinghai, Deep
learning based air pollutant forecasting with big data [J].

et al.

Chinese Journal of Environmental Management, 2015(6) :46.
HINTON G E. A practical guide to training restricted
Boltzmann machines[J]. Momentum, 2010, 9(1):599.
KUMAR P R, RAVI V. Bankruptcy prediction in banks and
firms via statistical and intelligent techniques-a review []J].
European Journal of Operational Research, 2007, 180(1):1.
DENG L, HINTON G, KINGSBURY B. New types of deep
neural network learning for speech recognition and related
applications: an overview [ C] // 2013 IEEE International
Conference on Acoustics, Speech and Signal Processing.
Vancouver: IEEE, 2013: 8599-8603.

ATHIRA V, GEETHA P, VINAYAKUMAR R,
DeepAirNet: applying recurrent networks for air quality
prediction[J]. Procedia Computer Science, 2018, 132: 1394.
LIUX, LIUQ, ZOU Y, et al. A self-organizing LSTM-based
approach to PM2. 5 forecast[ C] // International Conference on
2018

et al.

Cloud Computing and Security. Haikou: Springer,
683-693.
LECUN Y, BENGIO Y, HINTON G. Deep learning [JJ.

Nature, 2015, 521(7553):436.





