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AL A, DR H B ™ T Y 5 2 8 fk i
AR TR M B4 lasso $1} A9 VARX-L A5 AU il
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TEXT AL BT RIS e W 1 5 M0, o 3 3R <05 e B
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VARX, , (p,s) fEE SCANF

p s
— (0 ) —
yo=v + l;qj yt-l+j;ﬂjxt-j+ul9t = 19""T

(D)

— 568 —

Hifo e RY 2 k 4805 % &, (@ e
Ry SR LR R R R, (BY e
R IR RSN E A R R, {u, e
R RS R AME Y ke R 0, By
LR N 3, B w, R LR BAN R0

H

®Mm>ﬂh®Mmm>=g "7 ()

t =7

BV e R"™ |, = 0 Wiy VARX, . (p,s) Bl N
VAR #5581,

VARX BB (5,0 B i3k LT Ak
T BB 45 5 3

’
min Z
V.‘P,.B t=1

y, —v - i oy, - iﬁmxt_j 1
(3)
R ) — A T Y e > e Il A A A
NS EAGTH SR ECN k(1 + hp +ms) o 24
AR e A B AR Y AEEIO w5 I 1S DRI A2 4
VARX AL H 9™ 5 1) i Z 0 R, PRI GE i 7
A [ N A 2% s i 5 44 19 J7 =X (BP VARX-
L ASER) SR S48 VARX B8 S 45 a]
VARX-L BRI ZH b A DL B

T P s 2
. O W
w3 |n v S0t - T
R | =1 Jj=1

F

+ALP (@) + P.(B)] (4)

b, A = S SaEmxn M A G -
B, A = 0 RRIENALTIZEL, Py(®) IRENAERE
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DSO, 16 -7.035 -3.98 -3.42 -3.13
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&3 152 FEBIHAMAMIRE MSFE

ASSCHR BN JURR T3 95 n] U R0t A AP 4 B
AHMEE, R ACERE L Y5 P =AY

Model/VARX-L Penalty Structure h=1 h=2
Basic 0.859  0.954 A FEX LA B W, 2 i, SR A
Lag Group 0.854  0.976 A 285 B A AR 15 B BUR 05 B S, X 1
Own/Other Group 0.856  0.954 D285 5 7 A 7 T S M, G245 SR it o o) s 1) 6
Sparse Lag Group 0.858  0.960 TS TN 15 22 R W 10 DR, (3) 7 I b Tt 31 Bl 1
Sparse Own/Other Group 0.847  0.965 BIC BEHLIFE FIREAS Y (H i = Fh 3L i )5 ¥ 4E VAR-
Eindogenous-First 0-854 0953 L 1 VARX-L B e (1) B ACRAR R, 4 b =
Conditional Mean 1000000y g U A L, ALC ) A R i T
s, s
Random Walk S 205 2508 HET B 302 T IS B g B, ALC BT it in iy

Model/VAR-L Penalty Structure h=1  h=2 RS KRN S S e U
Basic 0.916  0.949 h =1 B} Own/Other Group VARX-L il Sparse
Lag Group 0.900  0.948 Own/Other Group VARX-L X )i i) & B0 B4 # i K

Own/Other Group 0.906  0.943 W s & 6 B
Sparse Lag Group 0.905  0.948 L P B R 2 s R BUIELBR K, RIVER [ )3 51 %
Sparse Own/Other Group 0.912  0.942 W 2 18] R AH EAE PR . S DA AP S AR 11 2R 4
Conditional Mean 1.000  1.000 S R it 1L PT AR WL B 0 AE FE X0 A e (B ]
VAR with lags selected by AIC 0.892 1.003 b LU R ZH N A B8R, X U 8 F B ) B R
VAR with lags selected by BIC 1,000 1.000 B B L A (B R A B B A S R R 2,
Random Walk 2.205  2.504 B A0 He
o0 o0 BH
5 Own/Other Group VARX-L ; 4, (2,1) KRR EHITEE
P PO BH

B 6 Sparse Own/Other Group VARX-L ;5 (2,1) MREBEMRBHE
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TN AT DR 2 45 AU A T ARAE S R 11 =0
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S0, .CO FIFE L% PM2. 5 PMI10 ., CO &4 %5k,
MF 4 25 ok CAFHERY e R L s AU
XA A T A B, AR rpon] DL
— BT, X AN IR T O AR s ST R A
JEEE IR PR AR IR R DR E 1 NO, LB E 1 SO, . 0, Fil
PM2.5 S 9k vh AR AR R A bt iy &8 AT i
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FELRR R (3R _E 7= T AL R o, B An7E 18 6 11
WA G REUERE T, — A B TIRZ R

BOoh 0 BTENL . A AR A A A 2
G, Hh BR L5 9 CO RE Y SO, .CO FIFF LIy PM2.
5 .PM10 B ZH# A gk h

LREKAE  NRAE— D H N A D BULA %
9%, Sparse Own/Other Group VARX-L 4t # 7
T AR B ) A b — 2D AR R S, A
fiER A S EGL 2 IRl

SEHG 2 ARSLE SR S 1 BUE X AR SR — K
Y2 R T Y v FE AT P ( Pl T A AR AR 1Y
RBUE FETCIEAG T, Ir L VARX-L HE4E H B —
AL R E RIS =W W =S - S ERCIN= i
(HVAR) Fija) it [ [EEAY (VAR ) FEXT HE, SK AR 45
Fh 5 B — A3 i 22, NMSE /)N, A3 il 45
SR GE , AR NER 4 FIER 5 s,

&4 2016 £1 81 BIARTETERYRETNER

SRR PM2.5 PM10 CO NO, S0, 0,
Ik AR
SBRE 167 185 32 102 3.37 7
Basic 128.717  175.180 25.373 89.001 2.704 10.914
Lag Group 129.609  178.909 25.503 90. 163 2.718 11.301
VARX-L Own/Other Group 130.217  173.205 24.419 89.027 2.661 11.972
Sparse Lag Group 130.510  180.468 25.667 90. 877 2.736 11.312
Sparse Own/Other Group 134.271 179.187 25.132 90.778 2.706 11.946
Endogenous-First 130.555  181.401 25.064 90. 642 2.700 11.312
Basic 108.322  154.995 22.292 84.676 2.429 11.505
Lag Group 109.376  161.023 23.072 85.890 2.431 11.963
VAR-L Own/Other Group 109.058  157.684 22.665 85.345 2.422 11.531
Sparse Lag Group 108.399  158.161 22.924 85.260 2.429 11.487
Sparse Own/Other Group 109.526  154.69%4 22.287 84. 698 2.418 11.326
Componentwise 107.034  156.693 22.675 83.911 2.379 12. 404
HVAR Own-other 107.837  154.391 22.167 83.414 2.347 12.859
Elementwise 108.438  155.248 22.367 83.322 2.403 12.257
VAR 115.894  174.984 23.818 87.602 2.519 12.975
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xRS 200651 A1 HItEHEKXKTEMRETRNA—LBHFIRE

SRR PM2.5 PM10 co NO, S0, 0,
i AR

B 167 185 32 102 3.37 7
Basic 0.052550 0.002818 0.042889 0.016242 0.039034 0.312661
Lag Group 0.050132  0.001084 0.041225 0.013468 0.037378 0.377504
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Sparse group lasso VARX for prediction of atmospheric pollutants .

a case study of Beijing-Tianjin-Hebei

Wang Jinjia, Sun Mengran, Hao Zhi
(School of Information Science and Engineering, Yanshan University, Qinhuangdao 066004 )
Abstract

The prediction of atmosphere pollutants was studied. Aiming at the problem of over parameterization of the tra-
ditional vector autoregressive ( VAR) model, a sparse group lasso penalized VAR model for atmosphere pollutant
prediction was proposed. The model parameters are solved by the proximal gradient descent method. In order to
prove the validity of the model, this model was applied to prediction of 6 indexes of air quality of January 1, 2016
in Beijing region by using the Beijing-Tianjin-Hebei air pollutant data of 2015. The experimental results show that
the normalized mean square error of PM2.5 of the model based on the sparse group lasso penalty is about 3. 8%,
and its prediction accuracy is higher than that of the VAR model, the large VAR based on various sparse structures
(VAR-L), and the hierarchical vector autoregression (HVAR). In addition, the impacts of different cities in Bei-
jing-Tianjin-Hebei on the air quality of the Beijing region can be explained by the parameters of sparse lag group
penalized VARX-L and Sparse Own/Other Group penalized VARX-L model. The application of the combination of
the convex optimization and the VAR model to the predication of atmospheric pollutant concentration is of great sig-

nificance to the synergistic control of air pollution in Beijing-Tianjin-Hebei.
Key words: vector autoregressive ( VAR) model, sparse group lasso, proximal gradient descent method, con-

vex oplimization, air pollution
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