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i E MARTHRERGAB b, TLXRE ACREGRTAREAEAIE S, BTHRERRG T E . FTZARE
WEDRBEZHARMR SN L E, PAABEN 2 RAEERABFRMSEE. AR AERN EHRRAELE, AT 2HT —
HEATEGRAELNZEGCHZARTEIIRM T F FRAHFLENAFR AN ALEEGI T ERFRNL, 5 5H
RFAIE TERERTFRFI RERFIEHFREZAIN T EAFERINGB R INERFVAEINETES . RG4S
SHREAREHEREMEOHALALEE R I BARMORE, ZFFERAESE R ER — KL EIL R BELT
1R ARG R R, I, FREE AR Z NG LS EA E&#&é’]id]mﬁ)‘% F T A AR R AT B R AT E R B A
AAEF TR, AAASHBE LN ERERAN 23 FRFIERAGIE LN ZLEEERT 202009 A K4 E
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Active Sampling of Air Quality Based on Compressed Sensing Adaptive Measurement Matrix

HUANG Weijie! ,GUO Xianwei' , YU Zhiyong'* and HUANG Fangwan'**
1 College of Computer and Data Science,Fuzhou University, Fuzhou 350108, China

2 Fujian Key Laboratory of Network Computing and Intelligent Information Processing(Fuzhou University) s Fuzhou 350108, China

Abstract With the continuous acceleration of urbanization, industrial development and population agglomeration make the pro-
blem of air quality increasingly serious. Due to the cost of sampling, more and more attention is paid to active sampling of air qua-
lity. However, the existing models can either only select the sampling location iteratively or hardly update the sampling algorithm
in real time. Motivated by this,an active sampling method of air quality based on compressed sensing adaptive measurement ma-
trix is proposed in this paper. The problem of sampling location selection is transformed into the column subset selection problem
of the matrix. Firstly, the historical complete data is used for dictionary learning. After column subset selection of the learned dic-
tionary,an adaptive measurement matrix that can guide batch sampling is obtained. Finally, the unsampled data is recovered by
using the sparse basis matrix constructed by the data characteristics of air quality. This method uses a compressed sensing model
to realize sampling and inference integrally,which avoids the shortcoming of using multiple models. In addition.considering the ti-
ming variation of air quality,after each active sampling, the dictionary is updated online with the latest data to guide the next sam-
pling. Experimental results on two real datasets show that the adaptive measurement matrix obtained after dictionary learning has
better recovery performance than all baselines at multiple sampling rates less than 20%.

Keywords Crowd sensing,Compressed sensing, Adaptive measurement matrix, Dictionary learning, Active sampling
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Fig.1 Mobile crowd sensing platform for urban air quality
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Fig.3 Schematic diagram of compressed sensing
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EA

Step 5 F| I RAEAEHE I 56 8 )7 51 ,

Step 6 R HEM S5 147 F0 A ISRk YN R AE

Step 7 H K Step 2— Step 6,

R 4 FRE LB R SCHRE A AMM SRR B B TR B
B R T RAIE H A 2 M SR SR R 6 Y 4R U 40 B — R
FH PR 206 JRR M B 3 o BRIV Ay 32 7E 45 B 4 A% I 3l 80008 19 R B
ThES DG, YWFELHAT 3.3 51 Step5 F1 Step6 15 2] &
BE @€ R, SRJG ARYE T 45 2000 5000 (0 SRR 1A R YL T
FIFHY MA=@w(y B 4E B 3.5 1) i 4K 2) F A
OMP 5 78 BB 7 1B S S5 1T X — wiS 78 51 R RE i
AL THE
4.4 KWHERSHW

T BEARCRAE A R AE BRI, R T 4 B AR
KRR KT 20%0) T A RARRR A SR R AR R Ny 3% ~
17% . D 2% ARl fT 2 L. m Tl hiEs 8 A
HOBCHE BRI TE 25 58 1R BRI 3 EAT T 8 HB R
P BE S — R m AT B R R AL T Gn Ry B 2
168 * RAERA R T BCEED . MR 25 8 40 HE MR 24 1Y °F
BIfH . N T SEHA T B R E R FER T 4 347 T 10
YR ST 5T 56 DA e 4 SR B 2% B R BOT B A AT HEA
F1IMFEF2HIMT L PM2. 5 SR TN LR . R 3 M
F A FIH T AL PM2. 5 BUE FAEM SIS 5,

£ 1 AFERBEET B PM2. 5 Bfi T 4289 MAPE
Table 1 MAPE of different sampling algorithms based on Shanghai

PM2. 5 data subset

KRR Random  Epp-Random  Greedy QBC AMM
3% 58.922 60. 804 57.847 68.033 51.003
5% 50.762 53.950 51.174 65. 389 44.293
7% 48.675 45. 665 48. 643 56.957 39.578
9% 44,204 41.095 49.335 51.312 37.211
1% 41.932 37. 888 47.514 50. 604 33.351
13% 39.919 34.474 44,273 47.106 31.989
15% 38.499 33. 449 44,384 45.768 29.528
17% 36.109 31.385 44.945 42.011 28.089
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# 2 ARRERFEFEIT L PM2. 5 848 T4 RMSE
Table 2 RMSE of different sampling algorithms based on Shanghai
PM2. 5 data subset

KRR Random  Epp-Random  Greedy QBC AMM
3% 0.313 0.233 0.253 0.289 0.231
5% 0.266 0.221 0.241 0. 255 0.218
7% 0.239 0.196 0.229 0.235 0.195
9% 0.232 0.187 0.212 0.217 0.184
11% 0.196 0.162 0.209 0.198 0.161
13% 0.182 0.155 0.187 0.195 0.151
15% 0.178 0.136 0.187 0.196 0.148
17% 0.166 0.133 0.188 0.207 0.141

# 3 AFRFEFEZE T PM2. 5 836 T 419 MAPE
Table 3 MAPE of different sampling algorithms based on Beijing
PM2. 5 data subset

FAER Random  Epp-Random Greedy QBC AMM
3% 71.648 83.486 52.084 66. 884 51.730
5% 65.881 71.068 49. 839 59.045 46. 623
% 61.568 63. 890 45.329 52.566 38. 815
9% 55. 864 55.755 45.305 50. 123 36.928
11% 54.938 49.415 36. 748 49.941 33.262
13% 53.141 43.043 40. 214 47.525 31.572
15% 48.518 39.571 36. 746 39.634 32.383
17% 47.309 37.503 33.28 41. 985 27.882

F A4 ORFERFEREIETILE PM2. 5 B8 T4 19 RMSE
Table 4 RMSE of different sampling algorithms based on Beijing
PM2. 5 data subset

FAE R Random  Epp-Random  Greedy QBC AMM
3% 0.269 0.251 0.267 0.251 0.235
5% 0.232 0.199 0.238 0.240 0.189
7% 0.211 0.181 0.187 0.217 0.185
9% 0.191 0.162 0.187 0.204 0.178
1% 0.178 0.158 0.168 0.219 0. 160
13% 0.167 0.145 0.162 0.182 0.140
15% 0.156 0.123 0.149 0.164 0.132
17% 0.152 0.127 0.141 0.142 0.126

RS ARREERESHES ST

Table 5 Ranking statistics of different sampling algorithms

Py Lty key LETFEN X TFEN LETEH
MAPE RMSE MAPE RMSE
Random 3 4 5 4
Epp-Random 2 4 2
Greedy 4 3 2 3
QBC 5 5 3 5
AMM 1 2 1 1

MYER 1— £ 4 WML R T E £ 5 MHEEA ST,
SRR AT

(DFEAFMICRFEZR T L FH AMM J5 25 JE17 R AR T 0E A7
HEW 1 - S 4 X T S5 iR 25 BN T HAWSRAE T .y T
BEYEARTE W] AMM 77 15 0 SR A 6 B S5 A7 o ol Sk A 4 0 3 22
/N, HE4 S i Epp-Random J5 3k JE4T KRR 55 58 8 10 R A0
5 AMM A0, B2 08 B J5 A R AL A5 B 0 de AL RIS 4 )
K e RAGBY SRR AL A% # . {2 Epp-Random £ 43 Bt 5 /5
JE T AL BEAT R HEW ARSI N3, 47
TERERLME

(2)Epp-Random 7¢ W 504 F 4£ 0 28 & HEZ L5 56—,
HARHAET : 5 Random AN [A] , Epp-Random [ % T 34 % R #:
NG, =2, [R] I BEAT B9 3 B BB HIL R B T LU 1 B A7 R A
5] 19 f5 AR AE A B . T Random J2& 5¢ 4 B ML R B, T g B0
B3I ] B SR, (AR B ROCR A TR PR R, R B B &
Jeo 53 —T7 0 $1 G 1R AR A 23 5 0 4 U RS 2 L Random X
TGRSR 2, SECERRZ IR R, [AFHEE MM
&L TE 300~ 700 AR R B AT . Epp-Random () 3 B4 A 4
Random. HZME M EHETE T ACRFESRT 0R A A%
k% /b, Epp-Random 75 B M #3530 2% [ E B9 2 Gy A~ R FE AT,
PR b v ] Bt 149 R B A Bl R 2D {45 dR KSR A 1 B oK T
Random, 53 M B8 T F#

(3)Greedy ¥ 18 L3 T 45 19 MAPE $ b5 HE 44 56 14
Aln Random 77 3% {4 A RMSE 4§ 5 I+ &, W HE 4 5% =.
Greedy BYEAEAL 50 74 I, LR J2 N MAPE #5714 2 RMSE
fetr EF T Random A1 QBC, X 15 B] B 4k Greedy 53
TE 53 58 R A B0 SR A o7 B2 A ) B o (H R 350 8 SR A 6 8 X T
YR BG5S Re Al ok e /NI 3R 22 el & . Rk, B
T 0 55 A R A 1 B R 2 R O O T R 2
S0/ B G 2R 0 3 R AU SR R O BOHE R 2 R R
Greedy FIEMHENIR 2 8k s W 3% L F-. 4JRR T R
A2 0 PM2. 5 I B[R] A2 £ i 475 10, S 26 R 4 43 30k I 2k
LR (W I ) P 31 S M L b T RO AR g I R 4R
Bl AR Ak e 5 I AR 25 S 8K Greedy 5 ¥ MU 25 B 40
79 3 1 foe A R AR AL T AN & TR A B E MAPE
B Fr A Random ik,

(1) FE £ % R Bt 7, Random J5 ¥ | Epp-Random J7 ¥,
QBC J5 Ml AMM J7 ¥ 76 55 56 R AE Hh 1 R AR AL S A AR
QBC J7 ¥ f K R T 8 3l SR A SR e, (EL i 0 a5 22 2 e Y
8 AR RR IR T B R TR AT 25 R R — 4
T A A B T EC IR D BRI RS B S R IR
B L — % 10 SR A (L A U0 Y 5 4 T B0 i A T vk R AR
AT aiE, h THENEA SRS, NIk, 582
e SRR I I 5% 22 0 T KL I ™ ERIR TR B Oy 25 A8
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W2 LR RS RD, R EA LB PR E
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