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W, BT RHR TR S I S B IROG2E TR (aerosol optical depht, AOD) 7= 5 E )12 18 FH T 12 Hu 1] PM,_ s 9K JBE
AGSE ARSI AN S i R b 3R 1 AOD B, itk , A 5538 A A4 4 B RO IR 1) B ML AR MRS 28 0
BB AOD E , FH7E LAl [ 456 AOD R4 A0l 7 55 B RN I 2 8 55 S BOm a5 — 2 REHL AR B 2 |
DIAR S YT = A RN BR YT = A YN b DX (0% 3 i TRT PML, s ¥R, PSR 45 SRR I, i BE ML AR MBS 3 1Y) AOD fH 5
MODIS AOD {H F BERH G (R =0.94) 5 EURTE S 3 Y PM,, s 3 B 5 170 S2 822 (6] (9 R 53K 0. 97 , ¥ 75 AR 254X
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T (=40 pe/m’) o BIEERI, AT HI AR E S AOD F1H b4 B 28 & 14 2 2 BEHL AR 7] 4 SR BOR

HBTHT PM, 5 6 BE 1) 25 8] 70 A

S BEHLARARBUN ; PML S5 AOD 23 KT = BT =i

HEESES. TP79 LEERER. A

0 5%

Wi ] 28 5 1 el e R T ) Rk
2GR NN T IR AR i Y R B ]
B BRERI B A ST B 1 AR
F2.5 wm WIGIFURLY) (PM, 5 ) J2& i TR = H 4
ST M DX 55 5 10 T2 B Y, RS O 7 T g
FEIAIDE ™™ TR, A7 6% 3R P T M X
VAT PM,. s MR FEFFA ARG . AL 580 Hu TR #1558
AW 02 TT AR AR ) st s LY PML, s VR B2
B (AN TCI A S b T PM,, s VR B2 25 6] 43
i, WFFERY, TRy A RO Tk /b b i
P2 DX PM,. s Wk BEARERE oA | oy T2 R SRR
MR IO GF IR FE ((aerosol optical depth , AOD) et
B Z R T REIEHNE PM, 557

FIIFH AOD 72 it A s e DX 33 b T PML s V< B 1)
ARG Y £ 28 DA ] AL 0%) [T A A (. e [l U A
) R IR A AR (A ;M 1]
U457 (land use regression , LUR) O b3 A [E]

i EHE. 2020 -02 -03; 1&iTHHE: 2020 -03 - 11

EETR . BYLABESIH#EAARHIE S0 « 5 T L8 2 1 b w2 8] 43 B8 PM, 5 I8 IEAG BRI T (55

XEHS: 1001 -070X(2020)04 —0137 -08

5 #i A ( geographically —weighted
GWR) ™™™ B4l e [ A1 [ U1 45528 ( geographi -

20-21]

regression ,

cally and temporally weighted regression , GTWR) :
DI 28 1R B BN A (linear mixed effects model ,
LME) ™) S i) [l R L, 1K 205 25
TSR H AR A PM, s R BE SRS BE , (H T
SRR | [a]— B EAN [R5 XA S RE
TIBA TS, BN, Lee 457 F ] LME #5I%f 35
FEZRAERHBDCHY PV s MRBEEA T B, 5 SRR AT
) R4 0. 92 , Y AR 1R 22 (oot mean square er—
ror, RMSE) 4 2. 45 Mym3 ; T Sorek %[25] P LME 5
Hliz e LGS X 1Y PM, 5 W3 R st He RPN
0.45,RMSE #5315 12.06 pg/m’, NIk, 8 T 4w
S AR AT N T L AT 22 0 B & (i
SERSH AR ) RAHE AOD — PM, s B8
{4, Ma 26 KA T 4055 8 VIS HHA) GWR BEDR T
A PM, s W 25K, GWR ARSI R
0.64,RMSE 7 32.98 pg/m’ 5 He 257" ili % & AOD -
PM, s FIFTRSALS LA 5 AN TIRSEN 2 A LA S

MJY20001 ) Fil i 7. 2%

Be g Im AL H B+ TR IR BRI PM, s YR BB 28 2 A B9 (45 . MYK19029) SR B[
1EE BN W riH (1985 - ) ,}/Z,@J_,Euﬁﬁ,I%U\%H‘lﬁ'—j’ﬁ/ﬁ'ﬁ)ﬁ%fﬂﬁfo Email ; subrinarzhong@ aliyun. com,



. 138- EH + %

WoE K 2020 4

i, 20 GWR BB R GTWR BEHUR S i 42
FEIFY) PM, s R JEE , 25 SR A Fi GTWR BSR4
52 0.80, RMSE 1 R[4 18.58 pg/m’
A  WATBIFSE R FHAIL A 2 > s e B i X Js
(A HITET PML s YR . A0, Gupta 25 ™ (3 FH T
22 (artificial neural network , ANN) B8/
AOD i il 318 22, A5 R BT i ANN S 33 1)
PM, s ¢ & 5 52 22 18] 1Y) R” 4 0. 61; Mehdipour
SR T 3 R LA ST Bk PR R ((decision
tree, DT) it H—1k (batch normalization , BN) 157
Frm AL (support vector machine , SVM ) 7547+ [ {22
2204 PM,, s MR BE SHAE T , 25 RIESE SVM. 1) S JURG i
. HRRGTEL Plasr I kg AT
S R R AL SRR T | (EX S 2 2
BRI E BT 20 & SR PM, s YR Z [AJ R AH
KMELA S ZECZ AR FAHSCHE AT IR |, HASRY R
ZERREIAR LA AL 5200 PM,, s V220 S ) 2
P DR ARSI —Fh A R B 2 5
2 (BEALARAR) R St X s PML. s MR JEE . BEALARAR
AMAT LA3E I %% 2 DSE (BRI mu, e ) RBFAHEE
BRI, R 0 RE SR A 2% 22 H 520 PM. s YR JEE
RS R E VR AR | T FE AL 827~ SR A 5 3
MR T ITHBIET PM,, s MR (AR
ABIFFE Y 322 H A2 T A LR R A 5
ST M DX AT L T PML s VR BE . Hovh, T A Y
U Ak A T FER B0 LIS 1L (Moderate —
Resolution Imaging Spectroradiometer , MODIS ) %5 [6] /3
PEA 3 km #Y AOD 74t (VAR fF%4 MODIS 3 km
AOD) SR ¥ MEB AT o B FE PR3 R4 4 K S
B, ASBEFEIESE 2 AR AU b XA A B AR XA,
Bl KIL =AM (YRD) FIZRVL =4 ¥ (PRD) HhIX.,
I 2 2 A LR AR A 5% X
UTHAIE PM, s ¥, F1 T MODIS 3 km AOD /i 2
SR PR T2 S T T A, 00K 5 3505 S5 32 11 1l
e (RRBURAE (R DRI 2% 45) JEAT 2K AOD A,
S AT ER T —F 2 J2 A BEH ARG AR
FOrRE — 2 AR R 3 B R A B3 B S AR b 3R 1
AOD {H, F-454 MODIS 3 km AOD 7= & KR ERE S
# YRD 1 PRD X3/ AOD 4225 M1 5 43 ; 75
W b, 456 AOD IR - A w5 3 o E FE %
WS HOR M 2R R AL AR AL, LAAG 5
2018 4 YRD #1 PRD 31 X (3T Hb 1T PM, s HRFE

1 B BRI BB TR

1.1 HRX#EER
AMWFFEIEEL T 2 AN IREBUTIE LI, BF 5 X1 [

mE 1 R, A T R TS W
AT RAE 4 ADIXE Hr YRD #hIX & T |
T VLA FTTLAE ZE N Y 25 AN 3TT, PRD ML IX
FLET 21 AT, Bl 205 A T TR R T Y
S5k, YRD Al PRD H1IX 2 il o0 F [ 1 AL i K
1) T IR 2 AT, FRRE TR A2 2 A
Hu X s ST AEAWT TR, R 20T a o,
YRD Fi1 PRD H1[X. PM, s A4 /3155 67 pg/m’ il
55 pg/m’ R I T 3R FE PRBE A8 AR Y G b v

3 [13,30]

(~35 pg/m’) 7,
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Fig.1 The study area

1.2 HiEiR
1.2.1 PM, s#= MODIS AOD # #

ARHIFFEE PML. s W LR T 20K H 2018 4F L ify
T TLIRE LA AR A PR R T Wt S A Y
3260 A Hi T W 0 3t A AN PM, s R, A
T ST AT 2l R PM, s VR BE S (L EA T AR,
PM, s/NF 0 Mg/m3 F1 PM,.5s & NA ( not available , Bl
ZEATTH]) %, AOD s £ 2 Terra B F52L
() MODIS f& I8 T B A3 10 2 18] 3 B3 3 km 9
AOD 72 ity IZEHE T 80T 258 B 25 A K SR 32l (he—
tps: //ladsweb. modaps. eosdis. nasa. gov/search/) ,
SREFIHT IDL 5 F 4280 0. 55 pm Ab AOD fH,
1.2.2 ARHHE

AGEE FEORIE T IGATEH BRI 2 5 8 die
FIfE R GEARBERY 25 7] 73 B 0 0. 25° x 0.312 5° K
R AL B (GEOS -5 FP) . ABFFIL T T 10
MIZRSH TRUAZ R E (PBLH, m)  HiR R
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JE(T,, K) 2 m P BERSR (T, K) (10 m 0BER BEHLARARIE 1 85 5119 5 A LI AZ B2 (m, ) 1D

SIR(Tiow,K) 10 m SRR U, m/s) 10 m
PRI (Vi , m/s) AHXHEE (RH, % ) A
B4 1] 43 (U — component , m/s ) F1Z8[a] 7318 (V —
component ,m/s ) VL NS (PS, hPa) , >k H & IIE T
TEER A IR SEERES] 3 km x3 km Mg
THEIEFEAE Python B4 H5ERY,
1.2.3  3A AE&4E

ABIFFE R 3t A PR G, 25 A o B P13
WA . Horb R R 55 B Ok U T MODIS 42
L) 25 8] 43 R 8 1 km B9 R B 48 507 0
(MODI13A3) i)™ kit E 4 2 H T 2 BAE gk Bl i
W A PRASE R T R R AR A A
[t T 1A 1 A R S P Y R SR, JTAE ArcGIS
A4 3 km x3 km A EATCHYTE AR REA .,

2 AT R AEE

BERLAR AR —Fh R LAY ML A8 57 > 5 12, Bl th
Breiman"" Hi, BHare s i H TS Es Ay
IYRMBEFEF &R, FEILARARAE ] bootstrap T
RAETT RN T REA SR 5 5L T REHL T FEA 1)
FREERE N A FREA S — A 148, JF

BAREREE () X 2 D EZESFORIA i
oAt ABF S B 7E M EE AL MODIS 3 km
AOD RG R T M 0 7 o B R B P S5 S B
MLARARB Y LIS YRD F1 PRD #i [X () 30 Hb i
PM, s #J¥ . T MODIS 3 km AOD 3% 1544
TCRER ST, PR TE o1 S 5 238 1Y) b 36 (el AR 4
(R IX T [ 45 ) T 84 AOD B, EVA ST
TR AT B0 7 FELAS F (P 3k Ok 22 A% B S T
) AOD 17 fill A >k 38 BGE 28 ) AOD 25 [1] 43
A2 AE3 2 B i A RS E B, I,
AW A BB HLAR ALY F A R T
(4n PBLH 1 RH 4% ) R AL BC 1Y AOD fH, TEUL
Serti b S54 AOD R4 M w7 55 3 LA ST B
GRS R FEHLAR AR RDR AL 5 2018 4F
YRD F1 PRD HbIX (13 Hi 1 PM, s ¥ B2, 55— 71,
BEBLARARAR AL B b —— K AR O B (E
(increased in mean squared error , IncMSE ) A T
TEAS AR AE PM, s W AR S v Y B 22, IR U, AH L
FHAAL G > 5 BEURM A R ) 2,
IncMSE (SR , R FI% AR B (W SRR, A5
FIrE i 2 2 LA R 0] 75 5h

AOD = RF(PBLH,T.,T>..,Tiw,Uww,Viow,RH) ,

Wi 2Bk TR A AR R BEHLARAR A e B SR (1)
PM, s = RF(AOD ,meteorologicalfields ,vegetationcover ,roaddensity) (2)

. AOD WS — JZ B AL [ AL BAE; meteorologi-
calfields EBALE T PBLH,T., Tru, Tiow, Upu,
Viow, RH, U~ component, V — component F1 PS 5§ 10
N vegetationcover NAEWE B T2 E | roaddensity N

AR 10 P38 SRR TR PN 2 2B
PUARMRE ARG PV, ¥R BERURE T o 10 4758 U IE
BT BRI R 10 DFEST,90% 1%L
PEFH TR, A 10% FFARE , 7555, 4
BT s R0 (RT) A RMSE 3X 2 T8 bR b Al
RRUEEY) PM,, s TR ERN b T S B TA] A DG o
3 RGN
3.1 HiEgit

RGN T S 5N 14 DSE G
Hir 2018 4 YRD F1 PRD HiL[X (1) PM,. s e BT Bl by
1 ~377 pg/m’, SAAEI g YRD HiIX %85, PRD Hi
DXHEAER; AOD 9 73 A H1 PM, 5 ¢ B 26 4B, 2018 4F
AOD VS YRD 5T PRD &R, Bl AOD —
PM, s R =, EHTEERK 2 ZERIAHICHEZY N 0. 25,

MFEAFR 2 EMTFEZE 0. 10, HBOX e R 25
M FEZEEZ AOD - PM, s ZIRIWHIDEHE S 52 R A1,
BAHIEENT . PBLH 5 PM, s MRBERGZRTT PEAHAE 2 30
B S (AR S A, BIVEE PML, s VRIS i (1R) IR F (L
k)2 Z&, PBLH 3K (#5) . MODIS NDVI [ 2= {E 4
4 0.32(F) 0.40( H) .0.40(Fk) F10.30( %),

x1 EERSHNSGITHE
Tab.1 Statistics of parameters for model fitting

A wOME mORME M bRdEE
PM, 5/(pgm™) 1.00  377.00 41.53  32.00
AOD 0.01 2.20  0.26  0.18
PBLH/m 63.38 2227.65 940.37 941.88
PS/hPa 918.60 1034.00 1 003.20 1 007.00

RH/% 13.50  100.00 62.30  64.30
Ty /K 269.80  310.20 294.90 296.00
Tiom/K 269.40  309.30 294.20 295.30
T./K 271.90  320.80 297.70 298.90
Uppm/ (nrs™") ~11.44 9.04 -0.79 -0.95
U - component/(me s ')  —15.35 14.36 -1.07 -1.38
Vigw/ (nrs™") -17.95  11.59 -0.23 -0.18
V - component/ (e s ') —24.14 18.07 -0.40 -0.42
vegetationcover 0.00 0.87 0.35 0.33
roaddensity/ (knr km ~*) 0.11 2.31 1.13 1.05
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Fig.2 Importance of each parameter in PM, s variability
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(33% ) WEREA 5281 AOD 1 PM, < ., T4
20 002 4H(67% ) 5AT PM, sfE (B> AOD) , AR
JerEHE 33% B 4E ([RIRHIAT AOD Fl PM, s 1)
Yo REAIL AR PSS A TR AT I 25, 45 S 3R WA ARG 1Y
PM,. ¢ J3 0 17 S {22 6] (4 R* 4 0. 95, RMSE A
5.73 pg/m’ . N T ARHSERE Y AOD {E25 [a] /3 A , A
WF5EM 3 T 405 PBLH,RH ,PS Tl T.%: 5,4 B0
BENLARMBRDR FUME A AOD {5, 25 K320 , F bt
PLARMAE A AOD 5 MODIS 3 km AOD EFREEAHX:, —
B R 535 0.94( 18 3(a) ) o FEULIERD [ i —
RS — BRI R AOD i, IF45 8R4 N1
DS AE DY e B R P B S SRR A 5 )2 b
PLARMREL Y, 25 5 W /R B4 5 04 2018 4F YRD Al
PRD HiLIX ) PM, s ¥ B {1 R0 S B I (i 22 6] £ R 3K
F70.97,RMSE }5.57 pe/m’ (1 3(b)),

400
1=0.920 9x+3.507 6
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Fig.3 Estimated results of random forest model

HE—20 70 Mo XX B PE R HEA T 0 IE , 45 5% & 1
1 B ML AR MR 8 A5 35 YRD I PRD HBIX () PM, 5
e P 55 b T ST B =2 TR] B R 4359104 0. 98 F10. 97
RMSE 53314 5. 85 ug/m’ Fl4.67 pg/m’, Ma 25"
1 Song 25 43 B LME F1 GWR Bi%I%} YRD 1
PRD HUIX T T PM,. s YR B 3R SR 5., 25 SR R A A
AR A TG S 2 18] B R {X A 0. 67 (YRD) il
0.73(PRD) , K4 /R T 4 D2T5F0 12 D H A pdfs
RURCEAT RN L, 2R R H 2= 23 BEERA )
(49 R 435119 0.97,0.96,0.98 F10. 98 ; 4 D251 RMSE
RTINSy 475(7.34 pg/m’) > FHZE(5.00 pg/m’ ) >

FAZ(4.35 pg/m’) > HZE(3.60 pg/m’ ), T 12
GRS R ITE 0. 93 LA |, 6—10 H 314
RMSE WEART AW 53 o 43 DX IR 53215 A A Rl
REE R T AR 1) 2 JZ R 7E
YRD F1 PRD X I BA B 19 PM, s AL RE T . &
5 FIZ 2 R TR 10 9738 URHIEY (cross valida—
tion, CV ) X 2 JZFEHLARARE AL A TR 45 5, T
PIE Y, AR 4 A 275 BRI A2 SRR Y SR A4
Ao R R R i —EhE BB eV AR R
PIRKT0.95,H 4 Z= 171 RMSE 23 H 4% 2
T HEK 2 RS,
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Fig.4 Estimated results of random forest model for four seasons and twelve months
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Fig.5 CV results of random forest model

x2 2EMANTTHRE CV HELER
Tab.2 CV results of random forest model for
the entire period and four seasons

i [8] R? RMSE/(pgm™?)
s 0.97 5.73
HzE 0.97 5.99
ES 0.95 3.99
k2 0.96 4.62
&% 0.96 7.66

ol T2 EEIPM, /(g
Wl <3 [ ]4246)
[ 134.37) [ [46.51)
15742 El5L64

P,
(G (ngm?)
3235 14045
135, 40) 455D

(¢) PRD XI4FEH) PM, 5

(d) PRD X3R4 ¥ PM, 5

E 6 YRD #l PRD XIFHIEH PM, sikRE B9
Fig. 6 Spatial distribution of annual PM, ;
concentrations in YRD and PRD
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G3A . ML 6 BT LU H A I XY PML,, s 4F 35 3
JETE 29 ~64 pg/m’ Z[], Horf 7 F YRD 9 RH 4>
HuIX PM, s AFA43 B KT 46 pe/m’ , 46 AT,
PM, s AE 47 J3E 114 105 1 IX 38 3 840 A 76 V19048 14 i
AT (PM, s =40 pg/m’) |, Hordr 43 e if
TEAE T2 S5 Y™ E 1Y) 3 M HILIX, 421 PM, s ¥R
JE(EME L 50 we/m’ 5 1M W VT4 B M X A4 4 4
PM, s ¥R FEEHE T 35 pe/m’, o, PM, s 4R 143k BF (1Y)
ARAEAL TWLAA WIBE /K T, PRD Hi DX 1) PM, s 4F
v B AR L YRD (AIE, Jerb o T AR SE T A
LT T B PM, s 4 2436 3 8 T HoAth 2 T
XL YRD A1 PRD X380 f 36 = R o] LAE ik
BRI YRD JUFRHLIX 1 PM,, s 45 209k BE A s | T v
ALY PRD U X IR R B PM, 5 AR 349k
FEAIXTRAR . XTI ANSIG sh e
TEHRAAR AT I, N80 2l R 7R 4 R AR T
My HEIR R 2 i s S H A FUR AR B S R
K7 78 T YRD #l PRD X1 4 1 PM,. s %
PRk, 4 NN, 2N PV W E R
(~46.32 pg/m’) , HUIEAET( ~38.80 pg/m’) Al

FAZE( ~36.15 pe/m’ ) ; HZEH PM, s FHIERAK,
10430, 16 pg/m’, LA A 35% , HIIX KFE,
YRD HuIX 4 A4~Z= 15 1744 PM,s e FEZE & T PRD,
MAEL T AT LU L PM,, 5 Ze 40 R 1) e (L X 3 43
T YRD fdb3S, o 4 iy Jesy i A i i ek i
(4 25 PM,s - 2 ¢ B2 40 1 35 2 71, 38 peg/m’,
68.91 pg/m H168.82 ug/m’, MM, £ T PRD Hii[X
(TN T AR ZETT RV LLITIT ) PM,, s 23530 P M 1o
TIARB R HAL T, ASCHPT R S Ma
2 Song 4 HYTFTE 45 SR A — B, BRBLT
TALF YRD Wy#RMI T Jo8) i A ik v DL S A T
PRD B) M ARSE T A L 7 26 3T 1 25 05 e
IRBUE 2, #E— 4% YRD Fl PRD [X 38 (1) PM, s
WS AT A AT 0B, BVACK R R IX B i
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K2 Ry EE A
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pm, ki pem) [ <3¢ 43D [ 3742 [ Je2s) [ 151.64) [ 62831
B 7 YRD 1 PRD X35 4 Z#) PM, s Z[E 57
Fig.7 Spatial distribution of seasonal PM, ; concentrations in YRD and PRD

4 i

ABFFEHET MODIS 3 km AOD K4 T A
B FE R S 2R T 2 J2RENLAR
MAERISR AL S YRD 1 PRD $L [X 032 i 7T PM, 5 ¢
B SR 458

1) AOD J&f#F: YRD Fil PRD HiIX PM, ;¥ &A%

i B 2 —  F FH BEAIL AR MR B ] A A5 4
H R R 1 AOD {E, TR 3E L /Y AOD
23 [\ 534 .

2) M2 ZHEHLARMBARL S B YRD A1 PRD
HDX P PM. s V¢ B 5 b 1T S0 o BE AR OG5 40 2R
(R AL REXT H 25 SR B T ARBIESE 1Y 2 2 BHALAR
AEAEIAE YRD Al PRD # X HA 55 1) PM, 5 2 i

ap
He /) o



%4 RRIE

BT )2 BED LA R 3 o [ AR PR X F) PM, ¥R .

143-

3) EA MR FEMH YRD F1 PRD HiIX 4
2 % PMsIREER R TEAK 2 2 X A ZE L
AL, BeAh, BA 5T EZH A AOD 3K % i YRD
F1PRD HLIX A9 PM, s ¥ BE | FF A ARG 2125 (8] 40 A
) AOD , 2554 JeEmfM: . AS SCRILH 2 )2 BEALAR AR
BEARIFRI T WIS X 4225 (8] 7 55 1 PM, s R 3 28 8] 43
A, T S M Hb 4% 75 T YRD F1 PRD 11X [ PM, 5
15 YRR 23 o) S R

AWFFELAFAEILSAS R . B 58, AR A%
R ML T B M I 3l ) M BT 5 S DRI AR Y
AN 15 2352 0l s b TR 1) 5 M3 T i —
A K, ASHIEGE £ AR B AR RS T =
(9 R® EAHI Y RMSE M 5 26 17 76 [k 55 [
KA L, 45 W0 706 0 — 25 2% R b R A
BB NHEE . NSRRI T 5 e 8 ) 2%t
DX I L TET PM.. s R BE (R 52

Eigt. AFFRPTAE MODIS 338 fe &, 2 2 W
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Estimating PM, ; concentrations in eastern coastal area of
China using a two — stage random forest model

YANG Lijuan
( Department of Surveying and Mapping Engineering, Minjiang University, Fuzhou 350118, China)

Abstract: The aerosol optical depth ( AOD) derived via dark — target algorithm has been widely used as an
effective tool for estimating PM, s concentrations. However, this algorithm cannot effectively retrieve AOD on the
bright surface. Therefore, the authors used a random forest model incorporating meteorological parameters to predict
the missing AOD values, and then employed a second — stage random forest model combining the retrieved AOD
with meteorological parameters, vegetation cover and road density to estimate the PM, s concentrations in two
districts of eastern coastal zone of China, i. e., YRD and PRD. The result shows that the proposed model
performed very well , achieving R of 0. 94 for AOD predictions and MODIS AOD and an overall R of 0. 97 with
RMSE being only 5.57 pg/m’ between the estimated and observed PM, s concentrations. The spatial distribution of
PM, s concentrations suggests that the high values are mainly located in Jiangsu Province with low elevation
(=40 pe/m’). The results indicate that the proposed two — stage random forest model incorporated with satellite
AOD and other variables could be effectively used for estimating the ground - level PM, 5 concentrations.

Keywords: random forest model ; PM, 5 distribution ; AOD retrieval; YRD; PRD
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