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

ZHANG Xi-Lai1 ZHAO Jian-Hui1 CAI Bo1

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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ÿþ�ü�mS�êâ, JÑ�é PM2.5 �ßÝýÿ�., ´�«�~¢^��ª.�éü�mS�êâ�ýÿ®kõ«�{, ~X�ê²w{ (Exponential smoothing, ES)!ê��Å�. (Markov model, MM)!�Úýÿ�.
(Gray model, GM)!g£8wÄ²þ�.!|±�þÅ!<ó ²�ä�. Ǒ
ýÿnÜ>U�¤o�Ú�¤aO, Macaira �[7] æ^ Pegels �ê²w{?1Ä�ýÿÚ`z. Ǒ
�½���>åNÝûü, Taylor �[8] é>åI��Cz?1
ýÿ,�éüS�êâ��ê²w{LyÑ
����J.Ǒ
ýÿ EEG&ÒÓÚ�G�=�, Jamal�[9] JÑ
Äuê��Åó (Markov chain, MC) �VÇ�.. Ǒ
�ï�´�Ï�., Lawlor �[10] JÑ
��ÄulÑ�mê��Åó�·Ü�., ^u�Ï´��ýÿ¿��é���J. Ǒ
UõÅì<�<5zSÜ�ª, Razin �[11] |^©�Ûê��Å�. (LHMM) é<N�:*S*>ã)nêâCz?1
ýÿ, ýÿ�J²w`uÈ���dÚ|±�þÅ. Soualhi �[12] �éü)ó���æu)?1ýÿ, /ÏÛê��Å�. (Hidden Markov

model, HMM)¤õJp
ó�S�5���5. Ǒ
�õ�õõÇÖ�C�5U, Samet �[13] �é>l¬��õõÇCz?1ýÿ, æ^EÄ�Ú�.(Üê��Å�.��{, ¿�g£8wÄ²þ�.?1
'�. Chen �[14] ÏL�Ú�. GM(1, 1)?1
�lf>³�¿�>5U�ýÿïÄ. Lima�[15] |^<ó ²�ä, é»�NC�´´d�>l�ð
y�?1
ýÿ, ¿��
é���J. Ǒ
ïÄ�2ªÅLU=�ì�åÏ £, Nagulan�[16] |^<ó ²�ämu
 �ýÿ�.. 3ØUïÄ¥, Moshkbar-Bakhshayesh �[17] |^g£8wÄ²þ�.Ú BP  ²�ä�(Ü��.é�mS�Cþ?1ýÿ��ä. Wei �[18] |^�mS�Eâï�Ú©Û6þêâ, �O
��Äu
ARMA �êâ6þýÿ�.. ÇÛ�[19] �O
�«#�°��Å v-SVM, �éð��È�S?1ýÿ, ��
k��ýÿ(J. Liu �[20] æ^��ÿÁ(Ü|±�þÅ�·Ü�.éº>÷·¯�?1ýÿ, k�~�
÷·¯�éºåu>�KǑ. 3�U>�+�, Gupta �[21] ÄuVÇµe, ^{¤êâÔö SVM �., ?
ýÿÊ>�¯�.3þã�{¥, �ê²w´�©k��ü�mS�ýÿ�{. ��ê²wØU©Ûýÿ��¢S�m�Ø�¿\±N�, Ïdü$
ýÿ�O(5.

ê��Å�.Ǒ´~^�ü�mS�ýÿ�{, ÏL©ÛýÿØ��Cz5Æ5Jpýÿ°Ý. Ïd,�éü�mS� PM2.5 ýÿ, �©JÑ
���ê²w{Úê��Å�.|Ü�Ä�N�#�{, =ÏL�ê²w{ýÿ PM2.5 �ßÝ, ,�^ê��Å�.?�ýÿØ�. ��'ëêÑÄuýÿ°Ý\±Ä�N�, ±��°Ý�p�ýÿ(J.

1 Ä�N��ýÿ�{Ǒ
`²ýÿ�{�'ëê�Ä�N�, l���ÉÇ½b�#«iÿÕ: 2015 
 3 �°±��Ǒm�� PM2.5 ßÝ¢�iÿêâ (ü :

µg/m3) ¥�ÅÀ�±e 5 | PM2.5 S�êâ?1©Û, z|ü�mS�¹ N �ÿþ�.

X1 = {28, 26, 22, 29, 15, 17, 21, 26, · · · }

X2 = {90, 77, 58, 39, 35, 53, 63, 70, · · · }

X3 = {33, 49, 68, 74, 84, 86, 87, 101, · · · }

X4 = {60, 67, 68, 99, 106, 109, 102, 97, · · · }

X5 = {70, 84, 97, 135, 145, 152, 86, 125, · · · }±þ 5 |êâ�^u`²�{ëêÄ�N��L§, Ø�¹3�©¢�(J�µ�êâ¥. �{ýÿ�ªǑ: ±z NP �ëYêâǑÑ\5O�1 NP

+ 1 � PM2.5 �ýÿ�, ±Ùýÿ�Ú¢S����Ǒ1NP +1����Ø�. Ón, 1NP +2�1
N ���ǑXþO�, z|��N −NP �Ø�, ±ù
Ø�ÚOÑ�þ��Ø� (Root mean square

error, RMSE) �Ǒz| PM2.5 S��Ø�. �©¢�¥ N = 118, NP KÏýÿ�.�I�
ØÓ.

1.1 Äu�ê²w{�Ä�ýÿ�ê²w{�ýÿ(JdL��¢S�ÚÙýÿ�\�²þ��, �ê²w©Ǒn«: �g�ê²w!�g�ê²w!ng�ê²w. �g�ê²w·^uª³A�vkCz��mS�êâ, �g�ê²w·^u¥�5ª³��mS�êâ, ng�ê²w·^uk²wCz���5��mS�êâ.�ê²w�Ä�ýÿúªǑ
St = α × yt + (1 − α) × St−1 (1)Ù¥, St ´ t �Ǒ��ê²wê�, St−1 ´ (t − 1)�Ǒ��ê²w�, yt ´ t �Ǒ���¢Sÿþ�.

α ´�ê²wëê, ����3 0∼ 1 �m, α ���Cu 1, �
�mêâ¤Ó'­��.± X1 S�Ǒ~©Ûëê α �ýÿO(5, ±�ØÓ α �éA�ýÿØ�Xã 1 ¤«. Ù¥, ëê α ��± 0.01 Ú�4O, � 100 ��, ã¥n
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RMSE �Cz�¹. �â¢�êâ, �g�ê²w�� RMSE Ǒ 4.4456, éA α �Ǒ 0.90; �g�ê²w�� RMSE Ǒ 4.4040, éA α �Ǒ 0.69; ng�ê²w�� RMSE Ǒ 4.0643, éA α �Ǒ 0.73.�,, �� RMSE ÚéA� α �´ 100 �æ��¥Ly���, �ØU���Ǒ�`).

ã 1 S�X1 �ê²wØÓ α ��ýÿØ�
Fig. 1 ES prediction errors with different α values for

sequence X1w,, ã 1 ¥z«�ê²wéA�Ø�©ÙÑäkü¸A5. Ïd, ·�Äu�©�é�g´, �O
�«S��{5|¢�`� α �. S�|¢Ú½Xe:Ú½ 1. lã 1 ¥é�,«�ê²w���
RMSE �éA� α0;Ú½ 2. ± α0 �� α æ��Ǒ�é«må:
αs, ±m� α æ��Ǒ�é«mª: αe;Ú½ 3. �«m¥: αm = (alphas+alphae)/2,e αs éA� RMSE �u αe éA� RMSE, K±
αm �Ǒ#�«må:�� αs, ��, ± αm �Ǒ#�«mª:�� αe;Ú½ 4. ­EÚ½ 3, �� αs � αe éA RMSE���uý½K�X 0.0001;Ú½ 5. ±S�ª��� αs ½ alphae Ǒ�`
α, Ó���éA��� RMSE.�âþã�©�é�{, ·���
z«�ê²w{��� RMSE �Ú�A��` α �, XL 1¤«.L 1 �©�é���X1 S��` α � RMSE

Table 1 The optimal parameter α and related

RMSE from binary search for sequence X1�ê²w{ �� RMSE �` α�g 4.4455 0.9050�g 4.4040 0.6900ng 4.0641 0.7350

Ón, é 5 | PM2.5 S�êâ?1
O�. XL 2 ¤«, z|S�êâéAX���� RMSE �9Ù�A��`�ê²wgê. Ù¥, ng�ê²w��
 3 |êâ��� RMSE, `²ng�ê²w3�õê�¹e�·Üu PM2.5 ü�mS��ýÿ. L 2 n«�ê²w{é 5 |S�êâ�ýÿ�J
Table 2 Performances of 3 ES methods for 5 sequencesS� �g �g ng �`

X1 4.4455 4.4040 4.0641 ng
X2 8.5289 9.4706 9.1253 �g
X3 11.7953 11.2577 11.7502 �g
X4 5.6960 4.7106 4.1102 ng
X5 36.2899 36.2919 34.4010 ng3 PM2.5 ¢Sýÿ¥, Äuþã�{Ä�N��`ëê α 9éA��ê²wgê. O�L§I�^� NES �ëY PM2.5 êâǑÑ\, ÏǑ�m��êâé�
�Ǒýÿ�KǑØ�, NES A����. ±S�êâ X4 Ǒ~©Ûëê NES éýÿ�J�KǑ, ØÓ NES ��éA��ê²w{ýÿØ��'X­�Xã 2 ¤«. ��, � NES ��Ǒ 6 � RMSE ��. Ïd3�©¢�¥, �ê²w� NES = 6, =Äuz 6 �ëYêâO�1 7 �

PM2.5 ýÿ�.

ã 2 ØÓ NES ��S� X4 �ê²w{ýÿØ�
Fig. 2 ES prediction errors with different NES values for

sequence X4

1.2 Äuê��Å�.�Ä�ýÿê��Å�.©Ǒü«: ê��ÅóÚÛê��Å�.. ê��Åó�êâG�´�*	�, ���ýÿ. Ûê��Å�.�êâG�´Ø�*	�, �ù
êâ�CzU�N3Ù���*	Ï�þ, Ïdò�*	Ï�^�ýÿ0�, ÏL0�5ý
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!��ýÿ�.� NMM �����mS�¢S�Ǒ
X = {x(1), x(2), · · · , x(NMM)} (2)� NMM �����mS�ýÿ�Ǒ
X̂ = {x̂(1), x̂(2), · · · , x̂(NMM)} (3)ÏL ε = x̂(k) − x(k), ��ýÿ��¢S��í�S�Xe:

ξ = {ε(1), ε(2), · · · , ε(NMM)} (4)

1.2.1 ê��Åóýÿ�Ä�N�Äuê��Åó�ýÿ�{¥, òí�S�©Ǒ nMC �G�. �1 i �G�Ǒ
⊗i = [⊗̃1i, ⊗̃2i] (5)

⊗̃1i = x̂(k) + Ai (6)

⊗̃2i = x̂(k) + Bi (7)Ù¥, Ai ´G�«m i �e�, = Ai = min(ε(k)),

Bi ´G�«m i �þ�, = Bi = max(ε(k)).G�=£VÇÝ
�O�úªǑ
Pi = P (ε(NMM + 1) ∈ ⊗j | ε(NMM) ∈ ⊗i) (8)

Pij =
Mij(m)

Mi

, i = 1, 2, · · · , n (9)Ù¥, n ǑG��êþ, 3ê��Åó¥ n ´ nMC,3Ûê��Å�.¥K´*	G��êþ. Mi ´S� ξ ¥G�Ǒ ⊗i ���êþ, Mij(m) ´lG� ⊗i²m Ú=�ǑG� ⊗j ���êþ. 3�©¢�¥,ÀJ
 m = 1 ?1ýÿ, ÏǑ P (1) ´�~^�¹,äkpO(ÇÚ$O�þ�A:.�âS� ξ ¥� NMM ���ÚO�Ñ�G�=£VÇÝ
, �±��1 NMM + 1 ����ýÿ(J, =í��, ,�2^ù�ýÿí�5
�1
NMM +1 �ýÿ�. éuê��Åó, ýÿ(J����ªǑ
ŷ(NMM + 1) = x̂(NMM + 1) +

ANMM+1 + BNMM+1

2
(10)Ù¥, x̂(NMM + 1) ´1 NMM + 1 ���ýÿ�, 


ŷ(NMM + 1) ´����ýÿ(J.í�S� ξ ��¤����mCz�¼ê,

NMM �í��þ©Ǒ nMC �G�, z�G��

\OVÇ´�Ó�, «¿ãXã 3 ¤«. ±S�êâ X2 Ǒ~©Ûëê nMC éýÿ�J�KǑ, ØÓ
nMC ��éA�ê��ÅóýÿØ��'X­�Xã 4 ¤«. ��, � nMC ��Ǒ 7 � RMSE ��.

ã 3 ê��Åó� nMC �G�
Fig. 3 The nMC states of Markov chain

ã 4 ØÓ nMC ��S�X2 ê��ÅóýÿØ�
Fig. 4 MC prediction errors with different nMC values for

sequence X2^�Ó�{ÿÁ 5 | PM2.5 êâ, z|S�éA���Ø�Ú�A nMC �XL 3 ¤«, w, 7 ´
nMC ��`�. 3 PM2.5 ¢Sýÿ¥, ÄuT�{Ä�N��`ëê nMC. ê��ÅóG�=£VÇÝ
k nMC × nMC ���, ~X, ��` nMC = 7�k 49 ���. Ǒ�Ý
¥���Ñk¿Â, ��êþ NMM A����. 3�©¢�¥, ê��Å�.� NMM = 100, =Äuz 100 �ëYêâO�1
101 � PM2.5 ýÿ�.L 3 Äu 5 |S�êâ�ê��Åó nMC �`�
Table 3 The optimal nMC values of MC for 5 sequencesS� �� RMSE �` nMC

X1 7.2398 7

X2 8.2994 7

X3 8.2055 7

X4 2.4731 7

X5 20.4794 7
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1.2.2 Ûê��Å�.ýÿ�Ä�N�í�S� ξ ¥, z 2 ������m�3 3«CzG�: O\!ØC!~�. ±Czª³Ǒýÿ�0�Ï�, KÛê��Å�.�ÛG�êþǑ
nHMMH = 3. Ïd3S� ξ ¥, ëY 3 ���éAX 9 �CzG�, Xã 5 ¤«, =*	G�êþǑ
nHMMO = 9. �,, Ù�ê8�ÛG�Ú*	G�Ǒ�±^Ó��{5½Â. �ÛG�Ǒ 3, ëY��k 4 ���ÿ, éAX 27 �*	G�. d	, 2 ������m�CzǑ�©Ǒ 4 «�¹: wÍO\,Ñ�O\, Ñ�~�, wÍ~�. �ÛG�Ǒ 4, ëY��k 3 ���ÿ, éAX 16 �*	G�. 3Ûê��Å�.¥, ª (9) � n éAǑ*	G�êþ, G�=£VÇÝ
k nHMMH × nHMMO ���. ~X,� nHMMH = 3 � nHMMO = 9 �, G�=£VÇÝ
k 27 ���.

ã 5 HMM � 9 «*	G�
Fig. 5 The 9 observable states of HMMǑ
£ãÛê��Å�.�ÛG�, �ü����í��Ǒ ε(k) Ú ε(k + 1), §��m�CzǑ

(ε(k + 1) − ε(k))/ε(k). �édCz, ·�ý�
��K�ëê Ct. �Cz�u Ct �ǑO\G�, �Cz�u −Ct �Ǒ~�G�, Ù��¹KǑØCG�.·����
,��ëê It, ^5N�ýÿ�.éuÛê��Å�., ýÿ(J����ªǑ
ŷ(NMM + 1) =





x̂(NMM + 1)(1 + It), O\
x̂(NMM + 1), ØC
x̂(NMM + 1)(1 − It), ~�

(11)Ûê��Å�.�ýÿØ��ëê It Ú Ct �éA'XXã 6 ¤«, Ù¥Ø�� RMSE ����L«ǑfÚ, ���L«Ǒ�Ú. Ct Ú It �����þǑ [0.1,1], Ú�þǑ 0.01. Ïdã 6 ¥�­¡d 91 × 91 = 8281 ���:)¤, l¥�±é���ýÿØ�9ÙéA� Ct �Ú It �. ^Ûê��

Å�.ýÿ PM2.5 �, ëê Ct Ú It �ÏLù«�ª?1Ä�N�.

ã 6 ØÓ It �Ú Ct ��S�X3 ýÿØ�
Fig. 6 Prediction errors of different It and Ct values for

sequence X3�é 5 |S�êâ�Ûê��Å�.ýÿ, ·�O���
z|��� RMSE Ú�A��` Ct�Ú It �, XL 4 ¤«. (JL², �` Ct ������Ǒ [0.1, 0.3], 
�` It ������Ǒ [0.7,

1.0]. ù
²���, kÏuëêÄ�N��¯�¢y. L 4 Ûê��Å�.ýÿ� 5 |S�êâ��` Ct Ú It �
Table 4 The optimal Ct and It values of HMM

prediction for 5 sequencesS� Ct It RMSE

X1 0.13 0.93 4.4000

X2 0.26 0.91 19.9012

X3 0.13 0.82 20.9012

X4 0.13 1.00 6.0537

X5 0.26 0.75 28.7373

2 �é PM2.5�|Üýÿ�ê²w{�±Jø�|ýÿ�, �ýÿ��ý¢��m�3Ø�. ê��Å�.�±òØ�y©ǑØÓG�, ¿ýÿ���Ø�Cz. Ïd, ·�JÑ
���é PM2.5 ýÿ�|Ü�{, �{(�Xã 7 ¤«. ��6§dþ�e?1, z��Þ�®?L«d?I�éü�Ñ\?1ö�âU��e��ÑÑ. �{¥, �ê²w{���ýÿ�dê��Å�. (ê��Åó½Ûê��Å�.) ?1��,l
JpýÿO(Ý.3|Ü�{¥, Äu��êâÄ�N��'ëê,�): �ê²w{�gê!ëê α!ê��Åó�
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ã 7 �ê²w{Úê��Å�.|Ü�ýÿ�{
Fig. 7 The combined prediction algorithm from

exponential smoothing and Markov modelǑ(½Ûê��Å�.��`ÛG�êþÚëY��êþ, ·�}Á
 3 �ÛG�!3 �ëY��= 9 �*	G� (3H3S9O) ��¹!3 �ÛG�Ú
4 �ëY��= 27 �*	G� (3H4S27O) ��¹±9 4 �ÛG�Ú 3 �ëY��= 16 �*	G�
(4H3S16O) ��¹. Äu�`�ê²wÚù 3 «ëê�Ûê��Å�.(Ü����{, ©Oé 5 |S�êâ?1ýÿ, ýÿØ� (RMSE) XL 5 ¤«.d(J��, 3H3S9O U3ý�õê�¹e�����ýÿ�J.L 5 n«Ûê��Å�.é 5 |êâ�ýÿ�J

Table 5 Performances of 3 kinds of HMM

methods for 5 sequencesS� 3H3S9O 3H4S27O 4H3S16O �`�{
X1 3.9309 3.8443 5.5246 3H4S27O

X2 8.2849 26.8030 27.2460 3H3S9O

X3 17.0960 17.4780 21.7550 3H3S9O

X4 5.6534 7.5703 8.8407 3H3S9O

X5 42.5348 43.9865 54.6437 3H3S9O

3 ¢�(J�©Û
3.1 ¢�êâÚµ�IOǑ
µ�JÑ�|Ü�{, ·�æ8
 100 |
PM2.5 S�êâ?1¢�, ù
êâ´���ÉÇ½ 2014 
 10 �∼ 2016 
 10 ��¢ÿêâ, êâæ8��m:´�ÅÀJ�, må±��Ǒü . d	, Ǒ
µ�|Ü�{3õ�¢½¥�ýÿ�J, ·�æ8
 2017 
 3 �∼ 4 �ÉÇ!�®!U9!x²o�¢½� PM2.5 êâ?1é'uÿ, o�¢½� PM2.5 êâiÿ:©ÙãXã 8 ¤«.

ã 8 eZ¢½ PM2.5 iÿ:©Ù«¿ã
Fig. 8 Distribution of PM2.5 stations in several citiesz|êâýÿ��¢S��o �, ^±e 3�µ�IO5ïþ.

1) þ��Ø� RMSE:

RMSE =

√
(ε(1))2 + (ε(2))2 + · · · + (ε(np))2

np

(12)

2) ýé²þØ� AME:

AME =

np∑
i=1

|ε(i)|

np

(13)

3) z©'²þ�OØ� PAEE:

PAEE =

np∑
i=1

(ε(i))2

np × Y
(14)Ù¥, Y = (ŷ(1) + ŷ(2) + · · ·+ ŷ(np))/np Ǒ���ýÿ�²þ�, np Ǒz|��NØ�ê.



1796 g Ä z Æ � 44òþã¢�êâÚµdIO^uÿÁ�©�'�{: �ê²w{ ES!ê��Åó MC!Ûê��Å�. HMM!�ê²w{(Üê��Åó ESMC!�ê²w{(ÜÛê��Å�. ESHMM. '������`�{, q�<ó ²�ä ANN!|±�þÅ SVM!g£8wÄ²þ�. ARMA!�Ú�.
GM o«~^ýÿ�{?1é'. Ù¥, ANN æ^�´BP-ANN�.,¥m�êǑ 3,¥m�!:êǑ
27, z���XêÚK�þǑgÆS, �äÛ¹� ²�D4¼êÚÑÑ� ²�¼ê©OǑ tansig Ú
purelin, Ôö¼êÚÆS¼ê©OÀ� traingcgf,

learndm; SVM æ^�´ libsvm óä, �.ëê CÚ γ þÄuÔöêâgÌN�; ARMA æ^�´®�ýÿ�J��� ARMA(5,3) �., g£8�êǑ 5, wÄ²þ�êǑ 3, g£8XêÚwÄ²þXê�þǑgÄN�; GM æ^�´ GM(1,1), Ù¥\\)¤S���­Xê µ Ǒ~^� 0.5, Äu����{gÄ�)ëê�þ aaa, bbb.

3.2 (J�©Ûl¢�¥·�uy, ¯kÆSëê��{ÚÄ�N�ëê��{3�mþk¤«O. ~X, 3 In-

tel i5 CPU 2.50 GHz, 4.00 GB RAM �MATLAB

R2010b ��>Mþ, ¯kÆSëê��{3ügýÿ¥Ñ� 1.35 �, 
��ÆSÄ�N�ëê��{3ügýÿ¥Ñ� 156.40 �. éuÓ�iÿ:, Ù/n �!À/
©Ù!¤áíÿAÆ�Ï�Ñ�é­½, Ïd�íÀ/�I�CzkÙ5Æ5. ·�±ÉÇ½ 20 | PM2.5 ýÿêâǑ~, ÚOÑ¯kÆSëêÚÄ�N�ëêü«�{¤�ýÿ(J� RMSE �²þ � (|RMSE¯kÆS −

RMSEÄ�N�|)/(RMSEÄ�N�)Ǒ 6.70 %,Ǒy²
ü«�{ýÿ�J�OØ�. ��©JÑ�{��, 3�e5�¢�¥, �^�´ëêÄ�N���{. Äu 3 «µd�I, �é�©�{3ëêÄ�N��¹e�¢�(JXL 6 ¤«. ��²þ
RMSE Ú²þ AME UìüSü�þǑ: ESMC,

MC, ES, HMM, ESHMM. ²þ PAEE UüSü�Ǒ: ESMC, MC, HMM, ES, ESHMM. ��, �©�Ä� ESHMM �²þýÿØ���.Ä� ESHMM �{� 4 «~^ýÿ�{�'�XL 7¤«. ��, ESHMM�²þRMSE!²þ
AMEÚ²þ PAEEþǑ��. Äu²þRMSE�,�{UìüSü�Ǒ: ANN, SVM, ARMA, GM,

ESHMM.lz| PM2.5 êâ�ýÿS�¥�� 6 �ÿ

þ:, ò 600 �êâ�¢S�Úýÿ�±�¤Ñ:ã, Xã 9 ¤«. Ñ:÷¥¶��à8§Ý�N
ýÿ�{�O(5�­½5, ��, Ä� ESHMM (J�à8§Ý�p, ýÿ�Ú¢S�m���5�r, Jø
�Ǒ��� PM2.5 ßÝýÿ.L 6 �é 100 |S�êâ�²þµ��
Table 6 Averaged evaluation criteria of 100 sequencesS� ES MC HMM ESMC ESHMM²þ RMSE 12.6745 17.0434 12.4850 17.8595 10.1843²þ AME 10.3838 13.1197 9.9381 14.0072 8.8336²þ PAEE 3.2151 5.6512 3.4993 6.6281 2.5090L 7 �yk 4 «�{�ýÿØ�'�

Table 7 The comparison of prediction errors with

4 existing algorithmsS� ANN SVM ARMA GM ESHMM²þ RMSE 23.7594 18.4532 15.7469 13.9438 10.1843²þ AME 17.7772 14.3728 10.3086 10.9673 8.8336²þ PAEE 5.6802 3.7900 4.0373 3.8927 2.5090d	, ·��éeZ¢½ PM2.5 êâ?1
ýÿ. ¢�êâæ8uÉÇ!�®!U9!x²o�¢½, z�¢½� 22 |, êâ±��Ǒmå, æ8�mǑ 2017 
 3 �Ú 4 �. ýÿ�JXã 10 ¤«, 3 RMSE!AME!PAEE �µd�Iþ�ÎGã¥, éAuz�¢½, l��méA��{�.�gǑ ES!MC!HMM!ESMC!ESHMM. ���©JÑ� ESHMM |Ü�{þ��
�`�ýÿ�J. ¢�(JL², ESHMM �.·^uØÓ¢½� PM2.5 ê�ýÿ.

4 (Ø[�âÔ PM2.5 ´­���íÀ/ÿþêâ,

PM2.5 �ßÝýÿéu�¸�ok­�¿Â. �Ä�ýÿ��Ç!¢^5ÚO(5, �©JÑ
��Äuü�mS��, òÄ��ê²w{ÚÄ�ê��Å�.�(Ü�|Ü�{. �{��`ëê�±ÏL{¤êâ�ÆSýk(½, ½öÏL�
���ÆSÄ�N�.�©ÏL PM2.5 S���`²
�{�¢yL§�ëê�Ä�N�, ¿Äu�þ¢ÿ PM2.5 êâ�õ«µ��I�y
�{�k�5, 
��yk�~^ýÿ�{�
é', y²
Ä� ESHMM�{�`:. ·�JÑ�Ä�N�ýÿ�.ØÛ�u PM2.5 êâ, ÏL���ÆS, Ǒ�±A^�Ù�a.�ü�mS�êâ�ýÿ.
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ã 9 ýÿ��¢S�� PM2.5 Ñ:ã
Fig. 9 Scatter plot of predicted versus observed PM2.5

ã 10 Äu 5 «�{�ÉÇ!�®!U9!x² PM2.5 ýÿØ�
Fig. 10 Prediction errors of PM2.5 in Wuhan, Beijing, Tianjin, and Zhengzhou from 5 algorithms
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