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Dt RILAREE S BT ANERATRE R, ITFEk, Fre i <iE 4 am
Jl, SRS, R T A R RSN SR T A T R . X T HF R T PMys
T JRE R I 25 AR A FRIRS 0L 20 A BT VAl A HE G i 18 PO R I gt — o il 5 2

05 e I BORBR AEBAR AR o SR, ZZ AT AR AT ORI T 14 1 22 /= i o M ol i 2
B PMos WREEEHE . I T FRIEFE 2013 4R Z BT I ACK PMos IR EEGIN BRI, A7/ &
CARHIT 9 H BIX PMy s ZEHOWIN, kDI ] EIESEGE— [ PM s R EE A R, Hy T i
S V2 A A s LA R T 0 ) 2% A1 7 2 AR P o X8 ST
PRI 7 1 2 1) b 783 90 LA R o S 0 5t A A2 PR ) 7 X 5 T LR At SR AR T ) 22 <
15 QAT RIYII 2 RpALE [ 4 T 0

AR, R PEBIRSEROCEEE (AOD) JIEHLT PM,s i B 17351 T HF 7T
F I VZIFE R . AOD (Aerosol Optical Depth) & KSVE N RBAEE B 7 EHIFR 2, iR T
IS NS C R EIRAE R . P2 AoD Bl A s o (& 1 A8, EREHE
(EFRTE ) AP K WHESE I CATHEBHIAE 2000 45) 0% . Z RTHIWT7C R AOD S5
T PMys R JEE 22 [BIAEAE — SE AR S E o (R, P RE IR AOD s T LA R4cd™ fe sl i 1 iy o4
FEB (R0 (0] b )8 55, MRt by s KT b () . 478 55 i KA Gt . A e
TERAAMEAR AL G R K HLAR 2 o) FIESE T8 7 AOD I PM,s IR Z R X R,
DA FH 38 S 1) AOD £ 4 TN ML T PMos ¥R, 8 AR IRTE B PM.s 1 THT AL I F1 1 [X B B 1]
BUH PMos B 200 A 00, 78 S Hr R 22 L X ZR F 8 b X, F 7038 R 4 VR A 20N,
LT Ry B AL [ U ASS 28 ) 7 40 % ) G 2 B R A AT AOD FHHITHT PM.s YR JBE 2 [R] FR 4R 1 %
2, PRI ML HE L X ) PMLs IR FZ[ X. Hu et al., 2014; 1. Kloog et al., 2014]) . 1% P 2 pk Y
5 b THT UL DAL (R AF ¢ R 30T A 0.85 PA b o SR AY 7 b [ [ REHERA TN T PMos IR, 5
Hiy TR AE Y R2IE £ 0.79 [Ma et al, 2016]. 15 & T 1B RE AR MG M8 KOREIR R, &
AIERESEIL T 12 Ba#e EX H P31 PMs W BE R T [Xiao et al, 2017] DL K 7E 6
A B FEEE XN PMos W FE IHER TIN [She et al, 2018].

TLE AOD Fll PMy.s & 5 18] [ 96 RAFAE B A4 (I 252840, DA G R T vk e B 5 7 58
PMas B o TR0 HUTHDULI PMos R A, DA B AU RS T 2013 4F 2 Jm 8 k&
R, WhE B SH, SR BT TSR B, 20 I 2R 20 ) 18] [X 8] 2 A1 1 B [ B FET PM.s
WREEREAT TS, 0000 R v 1 2 2 R R . B, Ma et. al. (2016) 75, 4] 2013 fFEiIIZR
(R ECHE TI0I 2014 47 (1) PMo.s W BEIRE , FROMIMEL AU AH LE I R2AN A 0.41 . WfAT AERA Tt 2013
SEZ AT PMos IR E AP T 58 2 — kil . AHLL TAE S Mgt AT, Mlds 2 ) Eykn]
DL SE B [ 3 R 7k BE AN PR SR R S E R I 2 R AR 4 o0 2 o 3@ i I 2R BE HLAR AR AN
XGBoost (extreme gradient boosting) &ML a2~ I, JRfbA A RN 2% 2 BHIEAS B 1 T
DHE, 7T DASE Rt PMos [0 SR B I PO v i B . FRATT 2 AT AR B, fEaERE B, &
EHLERF I B A TG 10 2 B IR Ab 1 7 52 5 ) T bE 2 w38 1 G AR T
RZ$ZME 1 2] 10%. B FUAS 21 1) PMy.s ¥R BE I 2 20diE o] DL SCRERS PM, s I K I 75
AR, I 98 [Xiao et al, 2018].

AT TR TR R SR DL K S AR I B A B . R s . SR EOR S, &
SLEETHLAR 5 2 A PMos TRINBEAY,  JEiE— 224535 2003-2016 “FUF R A& 20 HFE (1

AR MR PMos IREERRSE . FIHIX —3E T LRI PMos IRFE FINEPR 42, 3R
AT N5 5 A SR 88 R () 23305 G R ESEAT 20 i, 4R 520 PM.s W FE (R G B DR 3R

2



5,-;:,‘12 PlanetData

I H ST 3T 5 T DA D i 2 PR (2 ok LA i/l PV 94 JRE ML Pt X 11 22 05
AEEAT T, IR R B A

EEPEIN

Hu X, Waller L, Lyapustin A, Wang Y, Liu Y. 2014. 10-year spatial and temporal trends of pm 2.5
concentrations in the southeastern us estimated using high-resolution satellite data. Atmospheric
Chemistry and Physics 14:6301-6314.

Kloog I, Chudnovsky AA, Just AC, Nordio F, Koutrakis P, Coull BA, et al. 2014. A new hybrid
spatio-temporal model for estimating daily multi-year pm 2.5 concentrations across
northeastern USA using high resolution aerosol optical depth data. Atmospheric
Environment 95:581-590.

Ma Z, Hu X, Sayer AM, Levy R, Zhang Q, Xue Y, et al. 2016. Satellite-based spatiotemporal trends
in pm2. 5 concentrations: China, 2004-2013. Environmental Health Perspectives (Online)
124:184.

Xiao Q, Wang Y, Chang HH, Meng X, Geng G, Lyapustin A, et al. 2017. Full-coverage
high-resolution daily pm2. 5 estimation using maiac aod in the yangtze river delta of china.
Remote Sensing of Environment 199:437-446.

Xiao Q, Chang H H, Geng G, et al. An ensemble machine-learning model to predict historical
PM2. 5 concentrations in China from satellite data. Environmental Science & Technology,
2018, 52(22): 13260-13269.

She Q, Xiao Q, Liu Y, et al. 2018. Satellite-based estimation of hourly PM2.5 levels during heavy
winter pollution episodes in the Yangtze River Delta, China. AGU-JING, Xian, China. 2018.10

n. HE
1. FdEiE S bR

N T2 RS SR 2R, BATHET A XY A E S B L ARE (EH D,
AR FECERANAE T 71 7E XSk A 0% S dl BT PV s LN K . 122 R IR ™
NN e S W EVESE N % €/o N et LY LIV TR« € NP1 D0 B €72 pe el L UM YA R R 2
ReBE, FENL T Y27 A LTI A REIRRE . T PMos TR (@ ST AR (A% AL PM2s
WL T

T2 AOD Bl H#E 4 T Terra L BR8] 4 2 Hu kst (8] 10:30) F1 Aqua (i 358 s [E] 2y 22 3t e (1]
13:30) PEM T3 L 1% 0 61t (Moderate Resolution Imaging Spectroradiometer,
MODIS) 1%/&#s R4, HidEid H#H MAIAC (Multi-Angle Implementation of Atmospheric
Correction) %7453 %(Lyapustin et al. 2011a; Lyapustin et al. 2011b). MAIAC HiEfAL T 1
2 BURE FE ) AR AL ) AOD Hidli ™= b, f800] = 30 ROBE b S JR 1 S o M 3B AT 23 B sl T e
(Emili et al. 2011). MAIAC BVEA FH I [] /5 51 73 B 15 26 1E L T S R AE, i — 2D it
1T IR IR - T8I S5 Gt (8] 77 81 20 BT F 22 18] 20 AT B Bh T okt = E A R 51 o &
MAIAC FESRAE T R VAL A ik Ahn s IO T, S il i SoK il S
M, AV T Hibric 5T 7 55 1 MAIAC 14 % (Kloog et al. 2015). 7 i AOD %%
B S A RIOR R ARG R T35 S IR B DA R 3 hn TR Bl 78 a5, FRATVRE R AL T Terra AOD
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A1 Aqua AOD 8] ZAE [R] U5 56 2, FFHI %K &R Pl A Terra AOD B Aqua AOD I ) —
TR RIEK AOD Bl . % F K, BATHE T Aqua AOD Fll Terra AOD FI-F-341H LA ik H -3
F/ S ¥ 5B (Jinnagara Puttaswamy et al. 2014) 3115 7 H P31 AOD {H1FE N2 J5 B AR
FEHAZR. A TIITMBAEIRES, RATRARKZ WA ES T 5T MAIAC {4
KA TR, FRR MBS — A BB b FRATSEEE T
2013-2016 (] )54 FH TR ISR A, FETUN 1 2003-2016 4F 15 B HLIX PR AL
PMas R PASCIERS 25438 o

HLTH PMa.s VLI ES 5 WS AR B F 58 X 3PN 1 99 A Hib T M sl 250 (& 1), ¥ 55 2013 & 2016
o B A5 M A PRI /N PV 94 FE 500 SIS A A5 78 [ [ R A 45 M g
Mk Chttp://www.cnemc.cn/) FEiE % M vk 8 AZ 55, PM25.in (http://pm25.in) T %,
TSl = /N EE R ) PMos WLIIE PR AR T 1ug/m3 T PMa.s LI Bl A2 AN 88 S P A 1 9
¥ 7% B (Rohde and Muller 2015). A T #fR THE I H 35 PMos W FE RES IR WL RE H 1Y) PM2s
K, T 18 AN(60%) A 2 H AR H 4 (1) H 35 PM2s (ERERE R

FATEE T Terra L EFEZ K MODIS ) H FIH—4b Z 5 $840 (Normalized Difference
Vegetation Index, NDVI) 1 2 ¥R~ 5 (MOD13A3). N 7 3EAMbEELZ K NDVI B, X
AT P 338 B S A, ZE B A B T R B NDVIL B, s s ) B L B A R A L

FATTIN KA 8 BR B} 22 B A1 {5 IR 45 R0y Chttps://mirador.gsfc.nasa.gov/) R# T OMI

(0zone Monitoring Instrument )£ B 2 F2 44t i) — S0 A UK P NS 1A i F8 % (aerosol index) .
AT oMI NO2 =i HiHa 4 (OMNO2) H1#EHL | 221 ColumnAmountNO2Trop, M OMI
SN B R SR IMR — HE S (OMAERO) HHH2HL T 24 AerosolindexUV .
KA SEI DR N 13 x 24 P AR, BT oM f£1& 48 H 2007 G AR EdE1T
R, N TBIRX — RGNS, AR T A taid A5 5 R 2 00 oMl Hodl i AT 1 it
Kb BARRUL, ST A E R EAR R, RAOTEG— DM LS #1720 &
FAERRERFEX, R — R AR A 1) OMIAZ RT3 0T s e £t
BATERR TICT 0.5% H 70 2 1 7 W A HAE R — RS ol fUEE L T 30 A BB AR I RAEIX,
HWG R — AL RAE X N ) OMIE ZH BT

G T EDR 5 RGO P A RS Tl 0> (European Centre for Medium-Range Weather
Forecasts, ECMWF), Z3#fZ4 0.25°, FRATFRIOIEALIR [ Hutin 2 SKIEEE . AHRHR A 3R
A HETH 10 K XGH L MU 10 K XA AR SR SBEKE S, HR R B R
B R E A 7 () 5 B RS B Ok B T 4 B AR S SO BRI CASTER)
(4 BREC T HF R (Global Digital Elevation Model, GDEM) JiiA 2, Z3#E% K 30 K. Ik
IS T 1 P07 > B A 3 B 353k « N D3k B T A A T 5N 0 20 (Gridded
Population of the World, GPW) AEk N TR, #2HF% N 1 A8 JATHIH S EEEAH#A D
EE AN AR R AH VTR -

FATIREL T MERRA-2(Modern-Era Retrospective Analysis for Research and Applications, Version
2) P H SRR RN 45 2R (Randles et al. 2017). MERRA-2 H 73 T 851241 17 M 1980
FERATE 0.5° AT x 0.625° £ %7 [n) b 4278 55 B 1A [R] 24040 (R RIORLAD) R B 40
X —E TR AR AL T RREE  PMas A IME B . ATRIH W 2
A THH R PMyos WP (Buchard et al. 2016; Provencal et al. 2017):


http://www.cnemc.cn/
http://pm25.in)下载。连续三小时重复的pm2.5观测值以及低于1μg/m3
http://pm25.in)下载。连续三小时重复的pm2.5观测值以及低于1μg/m3
https://mirador.gsfc.nasa.gov/
http://www.baidu.com/link?url=wh8hPaUffiTZ9qd6THvTuPDPtjViaKAkLHbAImHOFIv75nG_PjuGL9NK0h5tVGUfNG5honup7si4Vw3OU2VwcnolwJuFHudgJEAXQwvCdQtdFyJAv2PiVqrfvgQZ86JiEnmhYE8rg_i_fiyJCLNCSa
http://www.baidu.com/link?url=4wlJntJW32T5BjKE2Fwot4DYY07dHsFI56dCfOBcvAtPplB7kBmMOtgjVI8ec3VjF-V1GlBNuyIAtbJ87ywoFLni_Z2EYw8nGbld7b7jK7K
http://www.baidu.com/link?url=4wlJntJW32T5BjKE2Fwot4DYY07dHsFI56dCfOBcvAtPplB7kBmMOtgjVI8ec3VjF-V1GlBNuyIAtbJ87ywoFLni_Z2EYw8nGbld7b7jK7K
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PM, 5 = 1.375 x BIBMRET + 2.1 x AHLBE + B + R, _+ Wtk

b, IR o s R SR 25 & MERRA-2 FMIURI A 1 AR AU 45 R b 242 /N T 2.5 TICKR IR B SR A
MERRA-2 4 {8 FLAN - 45 X (RO K A A SR (VR B, AT 7 R AR rh X JR] 1 (3
£0.1~1.0 um). X[ 2 (242 171.5 um) FIIX[E] 3 (4% 1.5~3.0 um) IR FE AN DL K i £ A5
gs BrP XA 1 (342 0.03~0.1 pm) . X 8] 2 (342 0.1~0.5 pm) FIIX (8] 3 (342 0.5~1.5 pm)
(PR FE A o FRATTB T S IR IO B BR 3k 32 2 DARR BR B (W FE A7 A, DR IR T AR T A i e LA
1.375 1S R MR M =R E . VBRGNS YRR, 2.1, 2@ bkghE
2013-2016 4] PMos MEIAE AT MERRA-2 A5 HLARABLFUAE £ 543 2 1) (Xiao et al., 2018). Z Ji s
BAVHE T H T PMys iR FE AR E I 1) FH 00 B 28 AN 22 (20K MERRA-2 40 75 ) % 45 3|
1 P50 B ERAR A% o

oA, AT e kBT o1 EOMW O M A CE % OHE R B R R
(http://inventory.pku.edu.cn/home.html), F£F| F Fz T 41 UG e K HEBUE 508 A 2R Y N
% o

Main road
® PM2.5 monitoring site
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B 1 BRI (LR E) IR E . 2S5 & Wk S SR o S, T VR A E s BR .
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AHIFIBARB LI 2 fis. B, BATRIBLE A S FIEE ST PMos IR AR IFA A+
SFeAZ GG AN AF 58 SR 36 95 08 HH 538 R S RO PR B, 2 Jm, BRATHERBL& AT
AR (R FIENE AT B8 5 LR D S IB SR R HE W PR AN AR 2 1, R4S B e 241 PM.s IR BETIEN

FERERUL A B B, O 10 35 A & OB 2 ) ORI F AN GE T B A X L, AT AL 1 BEHLARAR
XGBoost AL PEIR AR (LME) =PI SN H 148 PMos i . £k PEIR SRR 32 N H
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T T R ) X A SR () PMos IR FE TN . BEATLAR AR F XGBoost P A& Jik T~ 1 bt
ML, HARAEHE: v] DUSEHLALBEOR & RHIE s Dl FE A VP N IE S el 7 R &
X SEAE R AAEABUR; DR T X S H A, AR AR E . kA,
BENLAR PR E IS 7] LIRS 1172 fh iR 22 (out-of-bag error) . {H 2 7E E ik & K sl A AU 45 74
BT PG OL N, BE LR AR S I 75 A U125 A Pt it ] B 2= 5. 35 3 J1 - XGBoost 5iZ:/2 Gradient
Boosting %1% 1 iR R4 SE LA AS (Chen and Guestrin 2016), FLJT 5 B I SR 0 i 18] 5k . £
ZRTXF L K FE AR R RS Y 5, Gradient Boosting BE R B T HoAth 22 R0 4 1145
BB 7 I B8 (Reid et al. 2015) 0 X PRV OBk V2 R T3 AN [l I g A
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AOD Meteq_rolo_gy use simulations  inventory
I I |
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K 2. BRHEA.

AT 2013 % 2016 E A EDW I ) PMo.s IR FEEE VI GRS s XAa 3 46 108
WAL S A e i, RRHXRENLE R 10% 10 Bl Eovte A, AT 90%
R B ) A R - I e 96 Kt - E R AR I N R A e A A I R — k. T8
1o LTI ) PM s 348 JSE AT T DL 1) PM s WL PP AR AR . |l Tz B0 T8 5 1
S, A R R P A AR B TR IUARE R S A . RO RS A T
B I X T 24

N T PP RER L, JCH AR R A I 5 S Bt i R R IL, BRATIA 22 1) 58 A B A IZ
AR XA R G AR . 2 AT TR T, PMas TREINAR Y 78 S E 211 25 K i 8] B
24k, BIA AR EAT I 55D SR LIS, T PMy.s IR LI R 72 8. 35 v T 1 3R 58 XA 36 FA 45
Ko # RINAE SRS SR B, BEALIZE I 11 S 2368 5 60 35 2 08 PR WL I - T o /=3 3
A R TR AN HERI TN 2 8] )2k 2R, BN A (] BRI A . BRI, BRATTIRE 7B
A2 A6 RS 96 VR R VP A B R 38 B S Bt i PR R B e 2 ) SR A SR 3, KB
HLIE % 10% 14 5000 32t P B0 ' DA G 36 50t » 0 PRI 9096 P M il s 1) et I R A 2R - SN0 A
Wt . LR AZIERE A O AR A St A e A A T Bl — IR B IR AR Uk 3% —
R A A NS, I P AR R0 (B I R RO A 36 Hdfe &% MR 2 [ -3fe
A2 S 6 R £ A2 SRS I6: 45 SR T U e b 220 i A5 78 A 38 S M e PR R B

ZJa s BATRE T AE A X 2 BB (R R 1) SN A5 2 Rk 15 1) SN DA P A 2 o
PERIESE Wk o FRATTRI I R SE SOk 6 08 6 R B o 7 A it 5 A 784 0 LB TLAR AR AT LMIE A5 7
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K 3 2 R B R BENLARAR (). 2RISR () A XGBoost (1) HyAS[A]+
PR AT A5 R . BUEARRIE AN T BB = b e Bl s iR 7 23

(20 V) 2R ORI, =AM ARY 1 TN AN s T M 0 R L — B A IR R &R
AEH ST 45 JERARMEL HRN R BT T 1, SR AE-1 F1 o XTI (18 3). o, BEbLZR
WEIERIELS . S A LE, BELARMBR (O HESR A 7 Romi R? (0.93) M
RARMEIITRIRZE (10.6 pg/m®). =R, VRGN R M (0.85) HI¥Js
MR ZE R (15.8 ug/m®), $RIRHLES 2 51 ST DU AF IR PM.s A1EL At Tl A2 1w 52 2%
FRLNERIR R VIR TN R ], BRI T AW LS 22 21 505, BENLARARAN
XGBoost, fiefit 1 S HERA ) PMo.s YR EE T, (ELf& 3K P b B30 A0 2 2 (A AR R I A7 AE BRI o A2
BRI ANANBE IS (R A AL ) 22 (W) AR B, e di i, 2 S S [ B 6] _E R ASTE .
VR 15 RONLA R AT DA B G bt Kb P ) A

B 4 JEoR T 5 MERIAERAE RS SR B0 AR B o AN 2 Bl RO 7 — 25, FRATT R BT A
FERAFEAE SR 6 v ) 2R B0 B LA A8 ORI BT B0 2, 3% A ) 38 0 i ) B 35 PMIgs
FETIMAE R . SR E . o5 MR B DL Ky a4 il UK 3 B AEBR (8] (1) PMa.s HERBCIR AR
A ET BESZIE) PM.s YA BE AN TN AR 52 () (1) O¢ &, AELZ IR I HEG B0 12 56 4 I WLIX 26748 44
— B E TR B S TN R I . AR RS SO IR T, 2R TR A RN AR A 2 B B (R%=0.76,
BT HRR 2 21.2 pg/m3), XGBoost ML B % (R?=0.71, ¥ MIRZ 23.5ug/m3), X—
CEREIR, EREABERUNG, ML S SE Al R AE I LA (0 XU o 381 ZRBE A B A
VAR A S B DA PR A 4T 8 P vl DL — s R B R i 4, Rm A Rt AR, R
ERR, A A PMys 3 FE TR AE B PMos LI X (5150 3056 /5 77 KD #E — 2
FE RIARAR , 7T B 0 iR R AL 50t 3 58 ¥ Y R 1 R AE LA RAN S, Bl b5 8 35 R AR AR 9 5%

N YA BIAE IS TR) AN A3 1) B AR AG 2 R BE, FA TR S T BELARAR SR AN 2 1 TR & R A
RATHI ) PMos WL o BEHLARARIIE M LR R & RON AR Z 1] 1 PMy.s % B2 AN TN AZ HE ] 5%
A AR T, 73 9 AE 2 18] 32 XA 3 AE AR 22 SOpw 3 h R B e i o BAT 206l T AR & 5
%, WAHHEIIALEE . §REIINPERRL . BURIBCT 2. A2 X i 45 3, A ik #%
TR Y45 2R K TIE . 18 5 R 17 R PR TN R 2 1 - 3R A2 ke 96 AT £ 58 XA
b (R D o A PR TR T 0 B LARMRE AR A 23 (] B i) R e R PR IR & 2 B A A
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I B)_F AR E R . E 2 H] o se XA I, TR PMos IR BEAR L, il (0 TR0 R
5% 0.90, ¥R ZER 12.6 pg/m3, HHERE (1.04) MEPE (-2.7) JEF T 45° bnifE
2. VLA DI E AR LG, AR R TME A RGMEM IR ZE . BATHERS], FIRAE
TUIE] PMos ¥R TR R IUARAL,  fili& 1 TOIAE 7E =5 PMas MDA X B IS AT KA o RATHE—20
X PMag.s % FEE TN R Rt TR A N0 ) F [0 S5 34T 0 BT b (B 6D PMIg.s 3R J5E (140t T UL
LR R X SO L P B ) 3 — B0 (FHC £ %10.96)

N7 PRI T TR PMos W FETINAE 2013 F 2 TR I, AT T
Donkelaar et al. (2016) Tl () fili & K Ak 22458 =0OR TR BHE 19 1 km K BEAET- 35 PMp.s < FE Tl
DU HATAHE 5T A3 B PMos IR EE T EAT X b B 7D FRATTAR I, R b i 2 00 A L
Donkelaar et al. K] iR % (R%=0.68, ¥ HRIRZE 17.7 ug/m3) KT AR 78 Hh L& BT ) il
MiRZE (R?=0.95, HTTHRZE 6.9 ug/m®). HLEL 2003-2012 4 8] Py M FM ALY () PMIos K S5
T, 5% R2N 0.71, HJTHRIEN 11.4 ug/m3. Donkelaar et al. [f] T 7E 55 PMa.s {H B X5} b
TH R AP 5 R F S0 ) A A
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I.  Background

Jinan, a major city in China, suffers from severe air pollution that leads to adverse health
effects. Detailed analyses of temporal and spatial variations in PM, s concentrations in
Jinan could support policy making and benefit air pollution control. However, previous
studies in China rely on PM,.s measurements from the national air quality monitoring
network that is unavailable before 2012 and rarely covers rural regions. Thus, it is hard to
conduct a comprehensive analysis of the long-term spatiotemporal characteristics of air
pollution in Jinan as well as other cities in China. To estimate historical PM, s levels in Jinan,
we developed a PM, s prediction model including satellite remote sensing retrievals,
chemical transport model (CTM) simulations, meteorological information and land use
variables. We constructed the prediction model with machine learning algorithms that better
describe the non- linear complex relationship between PM, s, satellite data, and other
predictors. Our model provide satellite-based PM, s predictions with high spatial resolution
(1 km), long time period (2003-2016), and complete coverage. Taking advantage of the
satellite-base PM, s predictions, we have the opportunity to analyze the long-term trend and
local-scale variations in PM; s levels in Jinan. The methodology developed in this project can
serve as a roadmap to analyze air quality characteristics in other regions lacking air quality
monitoring. Accurate assessment of historical air pollution levels would support policy
evaluation and air quality management.

Il. Methods
3. Data collection and processing

To obtain sufficient data for model training, we extended the study domain to cover
Shandong Province (Figure 1). The latest AOD data retrieved by the Multi-Angle
Implementation of Atmospheric Correction (MAIAC) algorithm from measurements of the
Aqua (crossover at 1:30 pm local time) and Terra (crossover at 10:30 am local time)
Moderate Resolution Imaging Spectroradiometer (MODIS) instruments during 2003 to 2016
were obtained in this study (Lyapustin et al. 2011a; Lyapustin et al. 2011b). The fine spatial
resolution (1 km) and high accuracy of MAIAC AOD makes it possible to characterize
local-scale aerosol heterogeneity (Emili et al. 2011). MAIAC algorithm uses time series
analysis to characterize spectral surface reflectance which is required for aerosol retrievals.
The combination of the time series and spatial analysis helps improve quality of cloud and
snow detection.

MAIAC provides quality assurance (QA) flags indicating the retrieval quality, including cloud
mask, land/water/snow mask and adjacency mask (i.e., proximity to cloud or snow). MAIAC
pixels that were cloud contaminated or covered with snow were excluded (Kloog et al. 2015).
To improve the coverage of MAIAC retrievals, a linear regression between daily Aqua and
Terra MAIAC AOD was fitted and the regression coefficients were used to estimate missing
Aqua/Terra AOD when only one of them is present. Then the observed and predicted AOD
values were averaged to reflect daily aerosol loadings (Jinnagara Puttaswamy et al. 2014) and
monthly average AOD values were calculated to serve as a major predictor in the PM,s
prediction model. We constructed a 1 km modeling grid from MAIAC AOD retrieval pixels by
25
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the Thiessen polygon algorithm for data integration. Data during 2013-2016 were collected
for model training and we predicted historical PM, s levels from 2003-2012 for the trend
analyses.

There are 99 air quality monitoring stations in the study region (Figure 1). Hourly PM, s
measurements from these stations are published in real time by the China National
Environmental Monitoring Center (CNEMC, http://www.cnemc.cn/). Measurements were
downloaded from PM25.in (http://pm25.in/), a direct mirror of data from CNEMC. Repeated
identical measurements for at least three continuous hours were removed since these
measurements are likely caused by instrument malfunction (Rohde and Muller 2015). Hourly
measurements less than 1pg/m3 were also removed because it is below the instruments’
limit of detection. Monthly average PM, s concentrations, calculated from daily average
measurements, were used as output of our prediction model. Months with less than 18 (60%)
valid daily measurements were excluded. PM, s measurements were matched to the
modeling grid by location.

Normalized Difference Vegetation Index (NDVI) data were obtained from Terra MODIS monthly
global NDVI dataset at 1 km resolution (MOD13A3). The NDVI value of each grid cell was assigned
as the average of NDVI pixels falling within the corresponding grid cell. Missing data in NDVI were
interpolated by inverse distance weighting.

The tropospheric vertical column NO; density and absorbing aerosol index (AAl) data in UV light
from Ozone Monitoring Instrument (OMI) was downloaded from the Goddard Earth Sciences
Data and Information Services Center (https://mirador.gsfc.nasa.gov/). We extracted and
processed the parameters ColumnAmountNO2Trop from the OMI NO2 level 2 data (OMNO2),
and AerosolindexUV from the OMI Aerosol Extinction Optical Depth and Aerosol Types level 2
data (OMAERO). These retrievals are at 13 x 24 km? resolution at nadir. Due to row anomaly
started from 2007, retrievals with the cross track anomaly flag as nonzero were removed and
oversampling was conducted to smooth the systematic noise. Regarding the NO, column density,
the value of each 1 km grid cell was assigned as the average of samples from a 20 km-radius
buffer centered on this grid cell during each season. Regarding the AAl parameters, retrievals
with lower than 0.5% percentile were removed and the value of each 1 km grid cell were
assigned as the average of samples from a 30 km-radius buffer centered on this grid cell during
each season.

Meteorological data were obtained from European Centre for Medium-Range Weather Forecasts
(ECMWEF) at 0.125°x0.125°resolution. We extracted and processed surface pressure, temperature
at 2 meter, wind speed at 10 meter, u and v component of wind speed at 10 meter, boundary
layer height, relative humidity, total precipitation, surface solar radiation, and surface thermal
radiation. The meteorological data were downscaled to 1 km grid cell through a daily smooth
surface estimated by inverse distance weighting.

The elevation data were obtained from the Advanced Spaceborne Thermal Emission and
Reflection Radiometer (ASTER) Global Digital Elevation Model (GDEM) version 2 at 30 m
resolution. Population density data were obtained from Gridded Population of the World (GPW)
at 1 km resolution.
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We obtained daily PM,s simulations from the Modern-Era Retrospective analysis for Research
and Applications, Version 2 (MERRA-2) (Randles et al. 2017). The MERRA-2 PM; s simulations have
complete coverage and relatively high accuracy at 0.5° latitude x 0.625° longitude resolution.
Evaluation studies in the U.S. showed that MERRA-2 PM, s simulations agreed well with ground
measurements (Buchard et al. 2017). MERRA-2 data provided additional information on PM;s
distribution at broad scale. The total concentration of PM,s was calculated using the following
equation (Buchard et al. 2016; Provencal et al. 2017):

PM; s = 1.375 x S04 + 2.1 x OC + BC + Dust, 5 + Sea salt, 5

where SO, OC, BC represent the MERRA-2 concentration of sulfate ion, organic carbon, and black
carbon, respectively. Dust, s and Sea salt; s are the concentration of dust and sea salt with a
radius less than 2.5 um. Since MERRA-2 simulates dust and sea salt by five size bins, we summed
dust concentrations of Bin 1 (radius 0.1~1.0 um), Bin 2 (radius 1~1.5 um), and Bin 3 (radius
1.5~3.0 um), and sea salt concentrations of Bin 1 (radius 0.03~0.1 um), Bin 2 (radius 0.1~0.5 um),
and Bin 3 (radius 0.5~1.5 um). We multiplied SO4 by 1.375 to get the concentration of sulfate
aerosol, assuming that sulfate is primarily presented as ammonium sulfate. The ratio between
organic carbon and organic matter, 2.1, was estimated from PM, s observations and MERRA-2
organic carbon simulations in China during 2013-2016 (Xiao et al., 2018). The MERRA-2 PM 5
simulations at 50 km resolution was interpolated by inverse distance weighting to the 1 km
modeling grid.

—— Main road
® PM2.5 monitoring site

Elévation (m)

10 20 40 60 100 300 600

Figure 1. Map of the study domain with elevation as background. Air quality monitors are shown
as blue dots and the Jinan City is highlighted.
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4. Model training and evaluation

A diagram of our modeling method is shown in Figure 2. First, we trained three models, including
random forest, extreme gradient boosting (XGBoost), and linear mixed effect (LME) model,
separately. The random forest algorithm is a bagged classifier based on decision tree and has
been widely used for classification and regression. This algorithm offers several advantages over
other machine learning algorithms: it can handle a large number of features without overfitting;
it allows both continuous and categorical input variables; it is robust to outliers; and it provides
variable importance as well as out of bag error for model evaluation. However, the random forest
model training and prediction time can increase significantly with the increase in complexity of
the model. The XGBoost algorithm is developed from gradient boosting (Chen and Guestrin 2016).
Gradient boosting model has been shown to outperform various statistical and machine learning
models in predicting PM; s levels during a wildfire event (Reid et al. 2015). XGBoost requires less
training and predicting time than random forest and has been widely used in data mining
competitions (Anand and Renov 2015; Mangal and Kumar 2016). The LME model has been widely
used to predict PM; s concentrations from satellite data in previous studies.

Satellite T Land CTM Emission
AOD S use simulations || inventory
I I | ]

Random Forest/XGBoost/Mixed Effect Model

|

W
Model Selection

}

Ensemble

J

PM, 5 Prediction

Figure 2. Modeling process.

We optimized hyperparameters of machine learning algorithms through 10-fold cross validation
(CV) that we randomly selected 90% of data to train the model, and then we used the remaining
10% of data to examine the model performance. This process was repeated 10 times so that each
data record was left for testing once. Since this study aims to train a model with accurate
hindcast predictions, we favor low variance than low bias in the bias-variance trade off. We also
selected appropriate predictors by 10-fold CV and the decision tree based algorithms, random
forest and XGboost, also provided estimated importance of predictors that guided parameter
selection (Hu et al. 2017; Reid et al. 2015).

Then we evaluate model performance spatially and temporally to select models with best
performance. Because in the standard 10-fold cross validation, the randomly selected training
dataset usually contains enough observations to estimate local spatial and temporal trends that
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may not hold constant outside the model fitting domain and period, we also conducted spatial
10-fold CV and by year CV to detect potential spatial and temporal over fitting. For the spatial CV,
we used data from randomly selected 90% of monitors to train the models and used data from
the remaining 10% of monitors to test the model. Similarly, for the by year CV, we used data from
one year during the modeling period to train the model and used data from the remaining years
to test the model. The spatial CV and by year CV result could better characterize the prediction

error of our model.

Finally, we combined predictions from the selected individual models as the ensemble prediction
to balance model accuracy and robustness. We took a weighted average of predictions from
random forest and LME model. The weight was calculated from the inverse of the slope of
the evaluation line in CV since the slope of the evaluation line represent the system bias of
PM, s predictions.

Il. Results

8. Model performance
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Figure 3 Density plots present model spatial cross validation results using random forest
algorithm (left), linear mixed effect model (middle), and XGBoost algorithm (right). The color
scale shows percent of points falling in each grid.

Figure 3 shows the spatial CV performance of individual model. The random forest model
performed the best with the highest R? (0.93) and the lowest root mean square error (10.6
ug/m?3). The LME model had the lowest R?(0.85) and the highest root mean square error
(15.8 pg/m? ) among these three models. All the three models provided predictions matched
well with in-situ measurements and the evaluation lines were close to the standard 45°line.
The slopes were close to 1 and the intercepts ranged between -1 and 0. We noticed that
while generating accurate PM, s estimates, decision tree based machine learning algorithms,
e.g. random forest and XGBoost, have difficulties handling spatial predictors and including

time-fixed spatial parameters led to unsmooth prediction maps.

Figure 4 shows the by year CV performance of each model. Consistent with previous studies,
prediction models in the by year CV had lower accuracy than in other cross validations,
indicating that unobserved temporal trends contributed to the prediction of PMy s (Figure 4).
The intra-annual changes in PM, 5 emission sources due to economic development and
pollution control policies might affect the relationships between PM, s and its predictors, but
such changes were not well characterized in emission profiles and negatively affected the
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model performance. The LME model performed the best in the by year CV, with the highest
R? (0.76) and lowest root mean square error (21.2 ug/m?3). The XGBoost algorithm performed
the worst, partly due to the relative small training dataset in this project.

To obtained spatially and temporally robust predictions, we combined predictions from
random forest model and LME model that performed the best in spatial CV and by year CV
respectively. These two models characterized different aspects of the complex relationships
between PM; ;5 and predictors. Various ensemble methods were employed and evaluated,
including geographically weighted regression, generalized additive model, and different
average methods. We selected weighted average as the ensemble method regarding the CV

results. Figure 5 shows the performance of ensemble predictions in spatial CV and by year CV.

The ensemble prediction balanced the spatial robustness of random forest model and the
temporal robustness of LME model. The ensemble prediction provided a R? of 0.90, RMSE of
12.6 pg/m3, slope of 1.04 and intercept of -2.7 in 10-fold CV. Figure 6 shows the temporal
comparison between PM; s measurements and PM, s predictions. The ensemble prediction
agreed well with measurements, with correlation coefficient of 0.96. We did not observe

systemic bias of the satellite-based PM s prediction.
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Figure 4 Density plots present the model by year cross validation results using random forest
algorithm (left), linear mixed effect model (middle), and XGBoost algorithm (right). The color

scale shows percent of points falling in each grid.
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Figure 5 Density plots present the ensemble prediction performance in the spatial CV (left) and

by year CV (right). The color scale shows percent of points falling in each grid.
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Figure 6 Temporal trend of ground PM, 5 concentration measurements and satellite-based PM, 5
concentration predictions.
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Figure 7 Density plots present the comparison results between ground measurements,
satellite-based PMy s predictions, and CTM-based PM s predictions. The color scale shows
percent of points falling in each grid.

To obtain some information on the performance of our satellite-based PM, s predictions before
2013 when the ground measurements are unavailable, we collected the 1-km annual average
PMy, s predictions from Donkelaar et al. (2016) (website) and compared them with our model
predictions (Figure 7). Donkelaar et al. (2016) provided the PM;.s concentration predictions that
combined information from chemical transport model (CTM), ground measurements, as well as
satellite data. We observed that compared to ground annual measurements during 2013-2016,
the prediction error of Donkelaar et al. (R>=0.68, RMSE 17.7 ug/m?3) was larger than the
predicition error of our model (R?=0.95, RMSE 6.9 pg/m3). When comparing predictions from our
model and from Donkelaar et al., we got the R?of 0.71 and RMSE of 11.4 ug/m3. Predictions from
Donkelaar et al. underestimate ground measurements as well as predictions from our model
when the PM3 s level is high.

9. PMg;; spatial distribution
In 2016, the annual average PM,s concentration in Jinan city was 74pug/m3, ranging between 62
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and 85 pg/m3. As shown in Figure 8, the PM, s pollution hotspots are located at city/county

centers in 2016. Residents and industry were clustered around city/county centers with relatively

high air pollutant emission. Most PM s pollution hotspots were covered by the national air

quality monitoring networks; however, we identified some hotspots outside the monitoring

network. For example, hotspots in the northeast of Jinan and to the west of Jinan (in Liaocheng

city) had no ground monitoring station. The north and south regions of Jinan had relatively low

PM; s levels. We observed that the PMy s level increased along the main roads in regions outside

Jinan city, indicating that emission from vehicles significantly contributed to regional PM; s levels

in regions with high road density.
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Figure 8. Annual average PM, s distribution over Jinan in 2016.

10. PMystemporal trends

Figure 9 shows the temporal trends of PM,sin Jinan during 2003-2016. We observed
significant seasonal variations in PM,.s concentrations that the highest PM, s levels occurred
in winter and the lowest PM.s levels occurred in summer. From 2007 to 2013, the winter
highest PM, s concentrations increased significantly from 116 to 198 pg/m3, and the summer
lowest PM, s concentrations increased slowly from 47 to 71 pg/m?3. After 2013, both the
winter and summer PMy s concentrations decreased sharply. The annual average PM; s
concentrations showed increase from 2005 to 2013 (Figure 9), and declined rapidly after
2013. Benefited from various pollution control policies, the annual average PM,s
concentration in 2016 (73 pg/m3) has been lower than that in 2003 (76 pug/m?3). The seasonal
average PM; s concentrations showed different trends: the winter and fall average PMys
concentrations followed the annual average trend well, but the spring average PM;s

32



5,'%}2,.' PlanetData

concentrations changed oppositely during 2008-2014. The summer average PMzs
concentrations kept constant until a increase occurred in 2009, then it kept constant and
started decreasing in 2014. It is notable that different from PM; s concentrations in other
seasons, the winter average PM; s started increasing during 2015-2016.

We analyzed the contribution of each season to the long-term variations in PM; 5
concentrations (Figure 10). As expected, changes in winter average PM;sdominated the
intra-annual changes in PM,s. Winter PM, s contributed 58% of annual PM, s increase during
2005-2013, and 41% of annual PM, s decrease during 2013-2016. Winter is also the only
season that contributed more in PM;sincrease than in PM, s decrease. One reason might be
the increase in winter heating resulted from raised population density leading to increase in
air pollutant emission in winter. Spring contributed the least in both PM, s increase period

and PM, s decrease period, indicating that the PM, s levels in spring were relatively stable
during the study period.
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Figure 9. Monthly (above) and seasonal (below) average PM, s concentrations in Jinan.
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Figure 10. Seasonal contribution to PM; 5 changes during 2003-2016.
11. PMysseasonal distribution

In order to analyze the distribution of PM; s hotspots in different seasons, we plotted PM; s
concentration in percentile (Figure 11) and in ug/m?3 (Figure 12) in each season, because the
average PMs level in each season varied considerable. Using percentile as plotting unit and
defining regions with PM;. s concentrations above 75% percentile as hotspots could normalize
the difference in average PM; s levels thus to benefit comparisons across seasons. We
noticed that in spring, the north region in Jinan showed low PM;s levels, but in fall and
winter, this region was a PM s hotspot. In fall, the hotspot covering Jinan city center shrunk
and the surrounding region, especially to the northwest of Jinan, had relatively high PM;s
levels. Thus, PM3s might transport from surround regions to Jinan and affect air quality in
Jinan. Different from other seasons, in winter Jinan became the regional PM, s hotspot with

PM3.s concentrations higher than surrounding regions.
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Figure 12. Seasonal PM, s distribution in Jinan shown in ug/m?3.

12. Historical PMyslevels and changes
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Figure 13 summarized the historical PMyslevels and changes during 2003-2016 over Jinan.
We observed two major PM; s increases occurred during 2005-2006 and 2012-2013, with
annual average PM, s concentrations increased by 11 and 4 ug/m3, respectively. The increase
during 2005-2006 occurred mainly in northeast Jinan and the increase during 2012-2013
occurred mainly in city center and the north region. From 2007 to 2013, the highly polluted
region moved toward the north region of Jinan. After 2013, the whole study domain showed
decrease in PM3 5 concentrations. However, during 2015-2016, the hotspot in northeast Jinan
was observed with increasing PM; s levels while the city center was observed with a larger
decrease in PM; s concentrations compared to other regions. These different change
patterns indicated that emissions in hotspot regions lacking monitoring need to be
controlled. Additionally, we noticed that the hotspot regions outside Jinan showed larger
decrease in PM; s concentrations. Jinan, as the capital of Shandong province, may face more
challenges in pollution control relative to other cities.
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Figure 13. Annual PM; s distribution (left) and PM, s changes comparing to the previous year
(right) during 2003-2016.

13. Population density weighted average PM,.s concentration
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Previous studies reported that both long-term and short-term exposure to PM, 5 was
associated with adverse health effects, including increased risk of respiratory diseases,
cardiovascular diseases, and lung cancer. To directly show the health burden attributable to
PM2sin Jinan, we calculated the population density weighted average PM, s concentration.
The weight is the population density of each grid divided by the average population density
in Jinan. Figure 14 shows the temporal trend of the population density weighted average
PM 5 concentration in Jinan. The population weighted PM, s concentration is higher than the
arithmetic average PM, s concentration by 3.4 ug/m3 on average, indicating that the
population density region consistent with high PM; s level region. We noticed that, regarding
the two PMysincrease events during 2005-2006 and 2012-2013, the increase in population
weighted average PM, s (12 pg/m?3) is the same as the increase in arithmetic average PMys
(11 pg/m3) during 2005-2006. However, during 2012-2013, the increase in population
weighted average PM. s (7 pg/m3) is much higher than the increase in arithmetic average
PM2s (4 ug/m3) during 2005-2006. This result indicates that during 2005-2006, the PM, 5
pollution increased over the whole Jinan domain, while in 2012-2013, the PM; s pollution

increase mainly occurred in population density regions.
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Figure 14 The temporal trends of population density weighted average PM; s
concentration and arithmetic average PM, s concentration in Jinan during 2003-2016.

Figure 15 shows the spatial distribution of population density weighted average PM;s
concentration in Jinan in 2016. Compared with the spatial distribution of arithmetic average
PM; s concentration (Figure 8), the PM3 5 hotspot in the northeast of Jinan had relatively low
population-weighted value due to the low population density. Population clustered along
the main roads in the south of Jinan, leading to a high population weighted PM; s level. The
city center of Jinan is both pollution hotspot as well as population center, thus showing the
highest population-weighted PM, s concentration.
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Figure 15 The distribution of population density weighted average PM, s concentration
in Jinan in 2016.

14. Factors that may affect PMy s levels
14.1 Meteorological factors

Previous studies reported that meteorological factors affected short-term PMys
concentrations and triggered haze events. We also observed that meteorological factors
contributed significantly in our monthly PM, s prediction model. However, regarding
long-term PM; s trends, we noticed that annual average PM; s concentrations were
significantly correlated with no meteorological factor (Figure 16). The correlation coefficients
between annual average PM, s concentrations and temperature, surface pressure, boundary
layer height, and wind speed were -0.15, -0.21, 0.31, and 0.20, respectively. Thus, the
long-term change in PM; s concentrations were more likely due to changes in emission

sources.

Pollutants transportation has raised researcher's attention recently. Emissions from one

place may significantly affect air quality in surrounding regions. Thus, we analyzed the effect
of meteorological factors, especially wind, on the PM; s transportation over Jinan. We
developed an additional model to predict daily average PMa.s concentrations in 2016 in Jinan.
The model structure is the same as the monthly prediction model. We plotted the predicted
daily PM; s concentrations in polar coordinates by wind speed and direction in each season
to show the effect of wind on PM; s concentration (Figure 17). Basically, high PM, s
concentrations were associated with low wind speed, indicating that the PM, s pollution in
Jinan is majorly due to local emissions. In fall, the southeast wind was associated with
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elevated PM; s concentration, showing that the pollution hotspot in the east of Jinan may
contribute to pollution in Jinan. In winter, the weak southeast wind was associated with
increased PM, 5 concentration. Since mountains in the south of Jinan block the
transportation of pollutants, this increase in PM; s concentration may be due to the
transportation of pollutant from the south hotspot in Jinan to the northern region of Jinan.

Then we selected days with high satellite data coverage (low cloud cover) and relatively high
wind speed to detect potential PM, s transport paths. Since Jinan located in Shandong
Peninsula with flat terrain (Figure 1), pollutants are able to transport from almost all
directions. The mountains located on the east south boundary of Jinan may slightly limit
transport of pollutants over the mountain. Thus, wind direction determined the transport
direction (Figure 18). On the 319 day of 2016, Jinan region was covered by northeast wind.
The PM; s pollution transported from the hotspot of the east of Jinan to Jinan, leading to
regional high pollution levels in the east of Jinan. On the 335%™ day in 2016, Jinan was
covered by west wind and PM3 s pollution transported from the west to enter Jinan. Figure
16 shows that the mountain region in the southeast of Jinan limited pollutant transportation
leading to a relatively low PM; s level. On the third and fourth day in 2016, we observed a
strong transportation event driven by east north wind, leading to a significant decrease in
PM3 s concentrations. During this event, the whole Jinan domain was affect by the strong
wind. To summarize, the terrain of Jinan is flat without significant elevation change, thus
there exists no special pollutant transportation path. The mountain region in the east south
of Jinan slightly limited pollution transportation. Since the spatial resolution of the
meteorological data is low, further studies are needed to analyze the effects of local

meteorological fields on pollution transportation.

We also plotted the monthly PM, s concentrations in polar coordinates by wind speed and
wind direction in Jinan during 2012-2016 to analyze the long-term effect of wind field on
PM,.s concentration (Figure 19). The results are similar as the daily results in 2016. The east
wind was associated with increase in PM; s concentration in fall. No significant

transportation effect was observed in other seasons.

42



,3%‘-' PlanetData
100 16.9
s 95
£ - 164 2
£ 90 @
5 ME \ -
S <85 159 ©
[+11] Q
S =2 z
2 ~30 £
s /—O—PMZS r 154 2
& 98 Y
—@-Temperature \
70 T T T T T T T T T T T T T T 14-9
5 > O QDO v S L0
TP FLL DD X
LR S S S S S i S
100 100.64
g o5 —=PM?2.5 l A 100.62 s
£ —m—Surface Pressure “,/ \ 1006 =
£ ggo \ \ 10058 3
S §% I 10056
o
C = g0 - 100.54 ﬁ
o 10052 €
g 757 1005 @
70 . E—— T
PP F P P OO D DD PO e
FFLFLFLL L

PM, ; concentration

1.45
1.35
1.25

1.15

1.05

0.95

0.85

0.75

Figure 16 Temporal trends of annual average PM; s concentrations and meteorological

factors.
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Figure 17 Seasonal analyses by plotting daily PM,s concentration in polar coordinates by
wind speed and direction in Jinan in 2016.
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Figure 18 Four cases show the distribution of daily average PM,s concentration and wind

field in Jinan.
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Figure 19 Seasonal analyses by plotting monthly PM, s concentration in polar coordinates by
wind speed and direction in Jinan during 2012-2016.

14.2 Other factors

We compared annual PM; s concentrations with various factors in the Jinan statistics
yearbook, including total electricity consumption, industrial electricity consumption,
residential electricity consumption, central heating area, and industrial particulate matter
emission. The industrial electricity consumption was positively correlated with annual PM;s
concentration (r=0.68 during 2003-2016) (Figure 20), especially after 2005 (r=0.84 during
2005-2016). The change trend of PM, s concentrations had a one-year lag with the change
trend of industrial electricity consumption. In 2012, the industrial electricity consumption
decreased slightly and then kept constant, while the PM; 5 concentrations decreased
significantly after 2013. This pattern indicated that the decrease in PM3 5 concentrations
benefited from both the decrease in industrial production as well as better industrial
emission process methods.

We compared the temporal trends of PM,.s concentrations in Jinan and in other highly
polluted regions in China (Figure 21). We observed that the PM, s concentrations over Jinan,
Jing-Jin-Ji, and Fen-wei Plain showed a significant increase during 2005-2006; however, the
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PM,.s concentrations over Yangtze River Delta (YRD) and Sichuan basin did not show this
increase. During 2012-2013, the PM35 concentrations over Jinan, Jing-Jin-Ji and YRD showed
a significant increase, while the PMy s concentrations over Fen-wei plain and Sichuan basin
did not show this trend. The different trends of PM..s concentrations may be associated with
regional economic development.
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Figure 20 Temporal trends of annual average PM;s concentrations and industrial electricity
consumption.
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Figure 21 The comparison of historical PM; s pollution levels in Jinan and other highly polluted
regions (YRD, Jing-Jin-Ji, Sichuan basin, and Fen-wei plain).

8. Discussion

8.1 The advantages and limitations of monitoring air quality by satellite remote sensing
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In the past decade, satellite remote sensing data have been increasingly used in air pollution
monitoring. Compared with ground monitoring stations, satellite data have several advantages.
For example, satellite data with high spatial resolution and global/ regional coverage provide
continuous pollution surface that benefits the characterization of pollution spatial distribution
and detection of local emission sources. Moreover, the long data record and low operating costs
of satellite remote sensing could extend the temporal coverage of monitoring and support the
analyze of long-term trend of pollution. Satellite data also have some limitations. The accuracy of
satellite-based pollutant concentration estimates is lower than measurements from central
stations. The ground measurements have a higher temporal frequency than satellite data. Our
future research will aim to combine data from polar orbit satellite and geostationary orbit
satellite to improve the temporal resolution of satellite retrievals. Thus, we could better
characterize haze events as well as monitor pollution transportation.

Satellite remote sensing provides observations of the air quality and it cannot simulate pollution
levels under different what-if scenarios. Thus, satellite remote sensing data can hardly contribute
to the alarm of high-pollution events or assess the contribution of different factors on haze
events. However, employing satellite data together with chemical transport models (CTM) could
optimize input data of CTM, thus improve simulation quality.

8.2 Policy advices

We notice that although the current air quality monitoring network covers city centers with high
population density, some air pollution hotspots, especially industrial emission sources in rural
areas, were not covered by the monitoring net work. This lack of monitoring may lead to the
different trends in PM3.s concentrations at city center and at rural hotspots during recent years.
Thus, additionally monitoring stations or adjustment of locations of current stations are

necessary for monitoring of air pollutant emissions.

Since Jinan located in Shandong Peninsula with flat terrain, we did not observe significant PM,s
transport paths. Additionally, since air pollution level in Jinan was higher than surrounding
regions, we observed that the pollution in Jinan is majorly due to local emissions. We noticed
that the PM..s concentrations alone major roads were relatively high, especially in rural regions,
indicating that emissions from transportation vehicles is critical for air pollution is Jinan. Further
studies on the contribution of transportation emission on air quality is needed.
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