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Prediction Model With Dynamic Adjustment for Single Time Series of PM2.5

ZHANG Xi-Lait ZHAO Jian-Huil CAI Bo?

Abstract A prediction model is proposed with dynamic adjustment for single time series of PM2.5 data. In the dynamic
exponential smoothing algorithm, the optimal exponent and parameter are determined by sample data and binary search.
In the dynamic Markov model, the state number of residual errors from Markov chain, numbers of hidden and observable
states, and threshold parameters from hidden Markov model, are all decided dynamically based on training data. The
proposed dynamic model combines the two models effectively, and predictions from exponential smoothing are adjusted
by Markov model to increase the accuracy. Using a large number of real PM2.5 data, efficiency of the proposed model has
been tested. Compared with the existing popular methods, such as gray model, artificial neural networks, auto-regressive
moving average, support vector machine, the proposed model can obtain prediction results with the best precision. In
addition to PM2.5, the dynamically adjusted prediction model may be used for prediction of other type single time series

of data.
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WG HCT W% (Exponential smoothing, ES). T
IR KA (Markov model, MM). A ¢ Ji i i 754
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X, = {28,26,22,29,15,17,21,26, - - - }

X, = {90,77,58,39,35,53,63,70, - - }

X, = {33,49, 68, 74,84, 86,87,101,- - - }

X, = {60,67,68,99,106,109, 102,97, - - - }

X5 = {70,84,97,135, 145,152, 86,125, - - - }
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Fig.1 ES prediction errors with different « values for

sequence X1

SR, K1 PR R ECT 1R IV R 58 22 03 A
AT igr e, P, AR T AR A S, iR
v T AR R R I o B, AR R P
B b

I L. K1 3 30 M R P i B
RMSE L%F MW av;

I 2. Loy 4B a SRR N i 46 X A i S
ag, AT o SREFE N A HRIX A28 5 s
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P 4. TP 3, 1P a, 4 . X RMSE
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PR

1 MERAEIN Xo FPAURAE o 55 RMSE

Table 1  The optimal parameter o and related

RMSE from binary search for sequence X1

FRECT % i/ RMSE el o
B 4.4455 0.9050
/¢ 4.4040 0.6900

K 4.0641 0.7350

[FH, X5 41 PM2.5 @ #IsdE it ar 758
*® 2 P, SRS EHE XN — B RMSE {8
PLEW IVAINEE SV =R (G RVIE S S E SN/ € [ G R
32T 3 AHHE I E /N RMSE, Ui = X Fe 50T
ERNZHAEDL N &S T PM2.5 B[R] 5 471 1) T
.

R 2 SMERECHNIERT 5 AL AR () T R

Table 2 Performances of 3 ES methods for 5 sequences

FF3 K —IR =R =4
X, 4.4455 4.4040 4.0641 R
X 8.5289 9.4706 9.1253 —K
X3 11.7953 11.2577 11.7502 /¢
Xy 5.6960 4.7106 4.1102 =R
X5 36.2899 36.2919 34.4010 =R

£ PM2.5 SEFR T A, 36T Bk 5k Bh & A
BIRNSE o RN FRECE I . TR R
T B Npg AN4: PM2.5 3088 i, B i
()5 - 0 X 224 iy s Z0 T R 5 AN K, Nigs W HE
BOME. DT SVEAE Xy 153 i 3450 Ngs Xl
ORI, AN Nes AE -5 55 WY R 48 £ 11 2 Tiol]
RIEEM R R ML 2 FroR. WAL 24 Ngs BUE
6 B RMSE f/. R AEAR TS, 5507
W Ngs = 6, BN T-5E 6 DESEHIEFES 71
PM2.5 Tiili{y.

6
55
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2 ANJAl Ngs HEAFFF X $550CF-H 005 2
Fig.2 ES prediction errors with different Ngs values for

sequence X4
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®; = (@17, ®a4] (5)
®1 = 2(k) + A (6)
ézi = i(k) + B; (7)

o, Ay REKTE @ 1R, B A; = min(e(k)),
B; R 4 1 B, B B; = max(e(k)).
N R 2 RS DN N W

Pi = P(E(NMM + 1) S ®j | E(NMM) S ®i) (8)

i:1)27"'7n (9)

Hp, n SRS B, £ RBEREET n i nue,
FEBS T IR BERAR rp W SRS . M, 2
2 m BHHIRE @, MFEAREEL. AARCLE T,
WFET m = 1 JEATTN, B4 P(1) 2 HITE L,
FUAT A 3 AT 5 6 (R R

WRAEFH € Y Ny DFEARFIVE S APIRES
He R MR AR B, W LA 258 Nym + 1 DFEAR T
MG, BITR AR, SR 15 HX A TR B 2 K 1E 505
N + 1 ANTRIMEL x5 T L - BB, T 45 R AL
EVIEwy
ANMM-‘rl + BNMM-‘rl

J(Num + 1) = 2(Nym + 1) + 5

(10)

oo, & (Ny + 1) 5 Ny + 1 AMREATE, 7
J(Nanyt + 1) AR AT 45 5

5 25 7 A1 € TR AR B 1 AR A 0 B 5
Nyt MBI N e MR, FARE N
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Fig.3 The nuc states of Markov chain
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Fig.4 MC prediction errors with different nmc values for

sequence Xa
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Table 3  The optimal nyc values of MC for 5 sequences

E2] i/ RMSE A nac
X1 7.2398 7
Xs 8.2994 7
X3 8.2055 7
Xy 2.4731 7
X5 20.4794 7
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navvo = 9. M5R, HABEL H i KBRS R LIRS
WA LA RIFE T oK S MRS 3, IELEFEAR
4 D, SN 27 MEIRA. A, 2 A
AHASFEA 2 [ ARt mT 4 4 P ol 225 59,
PRI N, WPk, B D . BROIRESN 4, di4k
FEARAT 3 ANMIBHzE, XNAE 16 MUERE. AT
IRBFRA R 5 (9) 1 n XN SRS H =, IR
BHMMEREMEAT novuve X navvo TICER. #iln,
M ngvvr = 3 H navvo = 9 B, REH B ERIE
FEAT 27 DML E.

N
VAN

K5 HMM (19 FORERZs
Fig.5 The 9 observable states of HMM
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AMRESH C,. MAT O, WLIERT, M
PN T —Cy B RIS, SEAL NS R AR,

TAVBRE T 5B L, WK (.
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&(Num + 1)(1 4 1,),  Hahn
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B Iy IR BB T iR = 5 28 1, F1 Oy 1
XV R AW 6 FroR, HA iRz RMSE 5 K H
Ron AR, BoMERRAEE. O AT HE
FE[300 [0.1,1], K354 0.01. BIULIE 6 i
H1 91 x 91 = 8281 MEA /LK, M H LR S 5
NI R T B FORE ) Cy ABA T, B B2 S 2k F}

KBTI PM2.5 I, 24 Cy M1 I, W& A6y
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Fig.6 Prediction errors of different I; and C} values for

sequence X3
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{EVEF A [0.1, 0.3], Al 1, (ERHETE DY [0.7,
1.0]. XEELIN ], 178 T 25 zh A W H r phadise
.

F 4 BREREERETITINT 5 4175 B
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Table 4 The optimal C; and I; values of HMM

prediction for 5 sequences

R Cy I RMSE
X, 0.13 0.93 4.4000
X 0.26 0.91 19.9012
X 0.13 0.82 20.9012
X, 0.13 1.00 6.0537
X 0.26 0.75 28.7373

2 §t3F PM2.5 §94R & T
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Pt T —AEEXT PM2.5 TN & 5Tk, SRS
Wkl 7 P, BA GRS B2 Y, MRS
AR AL T EE PN S N BEA TR AT A RERS 2 1 —
ANl FE, FRECHIE RS2 TN KR
AT (L KRR R B w8 T ZR B AR Y ) BEATAQ TS,
AT B ey T R

ARG, T THARENS RN LS
H, A5 RECHIIENIE ZH o IRREREER)
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Fig.7 The combined prediction algorithm from

exponential smoothing and Markov model

A 3 B KR AT (1) B D BRtR A Bt
BEFEARCRE, RATZRT 3 DMEOIRE . 3 MESHEAR
E]] 9 MELRA (3H3S90) HIEHL. 3 MR AHI
4 ANELLFEARRD 27 MUESIRA (3HAS270) 1T
PAR 4 AN BROIRSA 3 AN IELLAEAHED 16 AN LR
(4H3S160) M. ETWME%&%F%M 3 iz
B2 T R R AT 25 S 1 B0 5T, 4Rt 5 4l
7B B 34T TIE, %m&mm% (RMSE) # 5 Fis.
HH &5 AT %1, 3H3S90 REAr4s K2 H0id i b 1459 21 5
U A TR R R

F5 SRR EREHEBITYT 5 A1EHE 0 P R
Table 5  Performances of 3 kinds of HMM

methods for 5 sequences

Fe3 3H3S90 3H4S270 4H35160 ARSI
X, 3.9309 3.8443 5.5246 3H4S270
X5 8.2849 26.8030 27.2460 3H3S90
X3 17.0960 17.4780 21.7550 3H3S90
X, 5.6534 7.5703 8.8407 3H3S90
X 42.5348 43.9865 54.6437 3H3S90

3 KWERSH
3.1 SRIEUEAITMRAE

N T VSR A A S, IATREET 100 41
PM2.5 74 EiE AT 5200, G Se 0 2 W Ak 4 sl
72014 410 H ~ 2016 4F 10 H sz diE, HdE
KA [8) R BATLAE PR, TR DA/INIS S B, ik
Ah, T VPAR AR A SR 22 AN ST R i TN AR R
fIERAET 2017 4 3 H ~ 4 HiiX. bt ﬂ#\ psis
PHPYAN ST ) PM2.5 £ 4 347 0T LeAS i, DA I T
(1) PM2.5 il il s oA Il an &l 8 Frross.

R By
‘ : K HB
K 8  FA-IkTT PM2.5 Waili s 4 A s 1]

Fig.8 Distribution of PM2.5 stations in several cities
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RASE — \/ (1)) + (62 + - + (e(m,))?
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) Bt 2 PAEE
5 ()
PAEE ==L (14)
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3 S A A PN B v T A SCAH DG B
e FRBCEFIEE BES. REFREE MCL BT REBER
i HMM. 58P HES & 5 KB K8 ESMC.
FRECHFI LS & B B A ESHMM. H S
B2 AL, NN T M4 ANN, SCFF )
AL SVM. [ RHE 30 FE8 ARMA | K (A Y
GM PYFfis P 7 vEdE AT 0 L. o, ANN SR H
(f)i& BP-ANN #:7 eh[E] 2508 3, Hrla) 205 ik
27, BEAMBCRERIBIE Y N %7 2], PRS2 ph
2 oAk R AR Y SR A TT R U il A tansig il
purelin, Il 25 e& UM ¢ 2] bR £ ) L traingcegf,
learndm; SVM KH )& libsvm [°J1, #i S5 C
Al BTN Z088 A 1% ARMA SRHIZE D
FUTRI 5 R B 1) ARMA(5,3) BT [ A1) B 4%
J 5, BRI ECh 3, ARIEREAE T8 R
Y A 3%, GM RHIRZE GM(1,1), Hf &
IR S RCGE 224 0 A A 0.5, 2 T8/
Pk OBk S i a, b.

32 HRE5SMH

ML TR AT R, F56 5 I S HU T iERE)
SRS E T AR 8] A BT . B, 7€ In-
tel i5 CPU 2.50 GHz, 4.00 GB RAM 5 MATLAB
R2010b A& Wi b, F50 2% S S8 Sk Bk
TR R RERT 1.35 Fb, MG E S SR E ST
LA B TR R I 156.40 BB, 6k T[] — Wil
m, FCHBER AT R VG YL PEAA  BT R AR AR A A
FARAIT R e, R 59 Y da b 728 g H R
PE. FRATLARRITT 20 41 PM2.5 Fi K b4, ¢
T = 2 S S BRI B A5 R 3 S K0 B O v BT AR
T & R RMSE (8389 % (|RMSE s —
RM SEsimu|) ) (RM S Egacimu) M 6.70 %, Wik V]
T PIR I E TR R Z AN K. AR SRR I vk —
B, AR MRS, RSB SRR T
.

BT 3 FhVEM FR AR, G X AR U A S HE)
SRS PR Rk 6 frox. WP
RMSE AP35 AME % B %P HE9135 8 ESMC,
MC, ES, HMM, ESHMM. V¥ PAEE %[ 7 HES
Jy: ESMC, MC, HMM, ES, ESHMM. 41, A3
(1275 ESHMM [~ 35 T i 2 f /).

A ESHMM 5035 4 Flvis P00 05 v 16 b
Bt 7 pron. WAL, ESHMM (1)°F3 RMSE. F)
AME F1°F¥) PAEE ¥ o0 # /). 3£ T-F1 RMSE 1,
FOE R RS ;. ANN, SVM, ARMA, GM,
ESHMM.

MAEEL PM2.5 FC4f (1) 007 51 b - B 6 ANl

e, K 600 KR 1055 B (LA T A 22 1) 7 5
&, Gl 9 o, R ANk R SR G R R S Bk T T
WMPLE R PR LR ENE, AT, 3 ESHMM 45
SRR SR AR T i v, UL 00 52 o {0 10— B0 e
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Table 6  Averaged evaluation criteria of 100 sequences

FF31 ES MC HMM ESMC ESHMM
S RMSE  12.6745 17.0434  12.4850 17.8595
S AME  10.3838  13.1197  9.9381  14.0072
SEBPAEE  3.2151  5.6512  3.4993  6.6281

10.1843
8.8336
2.5090
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Table 7 The comparison of prediction errors with

4 existing algorithms

E2 ]l ANN SVM ARMA CM
SE RMSE  23.7594  18.4532  15.7469 13.9438
T AME  17.7772  14.3728 10.3086 10.9673
¥ PAEE  5.6802  3.7900  4.0373  3.8927

ESHMM
10.1843
8.8336
2.5090
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Fig.9 Scatter plot of predicted versus observed PM2.5
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