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and spatial cross-validation, respectively, outperforming traditional machine learning methods such as Random
Forest (RF), Gradient Boosting Regressor (GBR), and Support Vector Regression (SVR). Furthermore, GRF is less
uncertain and more stable. Species diversity is the most important driving factor of AGB, and its influence is similar
to the variance of monthly precipitation distribution in the growing season (SDP), and their influence is relatively
uniform in the whole study area. The driving force of slope and total precipitation showed significant gradient
change during the growth period. [ Conclusion] In the western region of IMAR, because the change of slope has a
great impact on AGB, the area with low slope should be preferred for planting trees. In the northeast region, the
influence of slope is relatively small, but special attention should be paid to the impact of extreme precipitation
events on AGB, and monitoring of low-lying areas prone to waterlogging should be strengthened to prevent trees
from dying due to excessive waterlogging. In addition, it is recommended to avoid monocarpy planting in all regions,
and prioritize multi-species mixed planting to improve the stability and adaptability of ecosystems.

Key words: above-ground biomass; forest ecosystems; spatial non-stationarity; geographical random forest;
Inner Mongolia.

MR RGN 2B SR, B R AR AR AR e h 1 RE T R
BERMARMES R S5 KA EEARSE, St 7RS35 B s E A A Re B iR 80 .
Hy ARV (AGB)IE & € SO BRI B S RS TR R, DLRALTHA N B R R s (Ma 5§, 2021; Ji
n %5, 2022). ‘BRI 5 S BIRRARGE A (1)K B (Fahey 25, 2010; Erb %5, 2018). Mk, &k, #*
MR A R E BT TS, BESYRARE R, MM AGB. it K, AGB R E HE
FRBEE BT, DAV BRI AS RGPV, VAR B S B R (] MR s 1R 5
Bo B, EE#IA AGB JHH#iE AGB W 5 RSN R 3R & RME B (AT 55 .

JE T Hh I AR A 2 AGB PR A R ORAN LAY, SREX AGB 73 A {3 BEl A H RS, O
ZHERAB . SR, AR T B2 (:AGB {5 Bl 21 (Araza 55, 2022)F1 AGB IR R (1)
AR . X SR FE ) AT RE 2 iR AR TR O, WIS AR BE SRS R LR, O S B
HAE S UG . AGB il v B 1t 3 52 08 B AR IR SR B R A 5o, LG @A 7 5 (Fassnac
ht &, 2014), SAT0 B AT @B VEAT IBANGE 56 4 e IS (B AP AR M I R, 23 () AR A2 1 2 Fia 72 AS [\ 1Y) 25 1)
frE b A E R AR B 2 (7] 9% & ()28 1k, (Stewart Fotheringham 4%, 1996; Propastin, 2009; Finley, 2011).
Ak, fERERE XN b, Ak, M. ARt SRR SRR AE CUPHIE R 25 R0 AGB(Pan 2%, 2013).
SR, [RIFREE 250 AGB Ff i B ASE QAR AN 5] 25 (8] X I AE 22 7, (H D0 T IR AR 1) 23 8] 43 e T2l

Hi 2 BE ML AR PR (Geographically Random Forest, GRF) (Georganos 4, 2021)/& —FhZi A 1 i i [=]
JH (Geographical weighted regression, GWR) HIFEHLARA (Random Forest, RF) AR s 775 . GRF
B2 R A B B BEN LR AR R ZH R, 2 R 3 1 H5dl 2 (B ) 2 18] FAH DG, A Jm S A 28 e F B U F) A
AT ISR HET, GRF fEfRIK AGB & & BIAH N HED, 5t 2 L P eI Z) B (Dai 55, 202
3) ANEfEE. FEE N (Georganos & Kalogirou, 2022). A HH(Gu 2%, 2023)% J5 i .

DRI, AHE 78 B AR R P AR B 78 75 100 RE S PR IR B EdE . 91 N GRF 154 ve il s (R JE-F R
PR AR E P, MR A5 S o M S5 3 1 R BBl TR X I8N 23761 AGB 70 Aii o R ATTiE 8 F GRF
B S BT AS[F S (AL B 1) AGB K5 77, B EIRIERME BTG SN IRG R, JF 2 e A& ok
P BRI IME R .

1 RN

WS EE XA T A EALER(RE 97°12'~126°04', db4i 37°24'~53°23"), THIFAZ) 118.3 J3°F 5/~ B(HE
1), R ERMIAR KW EIRX, AR 4.08 121, FAR. M. i MRS s,
W5 B X ARSI . WK, NZEHIAESREND RS, &5 BIRK.
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S UR P E MM AR K2 S41 MRE Z YRS IR IS I 5 YA 73 2
W EE X PR N-4.5 ~ 9.8°C, FFIEKEN 50 ~ 450 =K. AE T HIGXAERIZ

P, BFRAVPEESR . AT RS S22 KR (1R - R S R AR e S A R S
oy ¥ v I A% (Song &5, 2020).
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Fig. 1 Location of the study area and spatial distributions of international weather stations, sample sites and land co
ver types in the Inner Mongolia Autonomous Region. The graph (a) inserted depicts the average monthly precipitation and
temperature in the study area.

2 WL

2.1 AGBi## fFZE

AT 20212023 £EH 7. 8 HHRAE 310 Medh, A 1 2 MR MRS, 3 MERET . 5 MURER
AT RIS, FERFEZ AT, FAVE B G REER L E . SEIg)E, EHERREN RS
FERAIC TR B o AT THR A SE PR DL B B /N 30m*20m BE 20m*50m. X TAEMEH,  Xife
T 3em FTER U EA = A AR (BE LR 1.3 mAL), WS FRE. Bafe. ke, A B ARG
B ARSI AL, R FEAEKITFGER 1) (Luo %, 2019)iH5 AGB. & E KM 1) AGB fliit
IS BRI, I BR DR AR DA A B FE A T . 3X 310 MEARR ATl 2 Fros. b, Al
TR T REMERL YR T . BRI . FR 2 FEME(1fo 55, 2016)FH1EE 1 B A3 SR P . FRAT TR I
MRFMEYIR S LR IR R B AR AR Z R

*1. BIWME AGB FiRE g
Tab. 1 Main_allometric_equations for the aboveground AGB calculation of each tree species

B AGB REAKTTE(ke)

BN AGB = 0.0285*(D*2*H)"0.9804-0.0017*(D 2*H)"
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HthkAE  1.0793
HER AGB = 0.0196%(D"3.0264)-0.0060*(D"2.9521)
L7 1g(AGB)= -1.1740+ 2.5580*1g(D)
R 1g(AGB)= -0.9980+ 2.456*Ig(D)
Tarw AGB = 0.0134*D"2.7518
g AGB = 0.4439*D"1.975-0.1284*D"1.8227
() 12(AGB)= -0.9545+0.8472*1g(D"2*H)

AGB. D fil H f{Feit A5 (kg), HOARAIELAE (em) FIAH & (m) .

60 1

L I
0 50 100 150 200 250 300
Aboveground biomass (Mg/ha)

M FAEY)EEE (Mg/ha)

Kl 2 AGB K7 BT
Fig. 2 Statistical histogram of the AGB for the forest in Inner Mongolia.

22 EGHIERE A

AT FEFI T WO 23 8] SR 4451 Sentinel-1 AT Sentinel-2 %4 . %I Sentinel-2 [I%#, FA1ME
1 Level-2A [TRACRE ™ iy, o3RRI A, AT THES . JUATRER SRR IE. X 2021-2023 4F 6 H
% 8 A1 Sentinel-2 BUEHATILIE, EHFmE/NT 4%MEIE. M5, XXk 8 r EGET HE A Rk
AbFE, AR E IR, R EHERAES] 10 KIS R P

Sentinel-1 i % A 58 T BLASREL, 727K 8 GRD. X — ZH%#E T4 AFH sentinel -nel-1 T.
HAEHAT 7038, 133 7 J5 M8 2E0UE . iR H5 8 B-E B (VV)MEE-/KF(VH). A5G
HUT 202047 H 1 H# 2020 42 9 H 1 HIY Sentinel-1 ##5 . FiJ5, 1GxLeiisse s, &K EPR
FELMERE— 270 #7

B H P /K Ha 2 [ [ S e MR U B R 3R it O T 3R AGB X /KA G AR B U, A
PR T A2 KZER /K (Growing Season Precipitation, GSP) Flf%/KZ=95404i (Seasonal Distributio
n of Precipitation, SDP)HMEHR(H. Xu & Wang, 2016). GSP 184K (4 - 8 A) MR KE,
SDP Ny 4 - 8 HIH B/KE /A4 T7 22 58 AWTF I FE XK 2021 42 2023 4EHJLEE GSP Fl SDP
EIUG A 7 BB AL, FRIHAE GSP Al SDP AR & i 24

2 H W P R SRR T8 A e SRR . ARBFFEUHE T 2021 FFE 2022 R )P EE (An
nual Mean Temperature, AMT)EE. 28J5, FIXPHER AMT BG#TFE, 52F1E, E8 AM
T ARSI AN o BRI B A B SR RAE B 10 KIS0 70 HE .y 1 R 560 4 /0 ORI 58 328 Bt
PRI R, ACHIT T EE T N 52k 0 L BRSO R w8 (ttps://data.cma.on/ ) EAT 28 RS R 90 01E -

HARSE BV R 45 IMAR BATBUO R8s . Mg X R, 38R RUEE (hitps://www.resde.cn/). Cli
Mond =A% X XI5 #E (https://www.climond.org/)(Kriticos &5, 2012). RKZ J& i) -3 A FH A1 3 78 55 2 ds
PAE R AL I M AT 25 I Hu 2

23 BERGE

23.1 MEFI EHICRH T =FARIBILES 2 2] BB (Random Forest, RF)  (Belgiu
& Dragut, 2016). FAEE#E5E RS (Gradient Boosting Regressor, GBR) (Friedman, 2001)F137 5[] &[] 5
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%5 RAF

NMERT Ele B
Slope WE
Aspect 1§
AMT FEIYRE
GSP ERKFNREKE
SDP EKFRNBBKENDHHZRE

EMRERT ShD BEREEMN
HCI EEEHFERTRE

243 FAAEFARMAR 7 GWR BT, AR —MREREH RBUES N LA E#, ATIAN
12 5 5N AR B2 AR 58 o 2 () AR AR . GWR B AL ) SR ik 5000y

Yi = Bo; + Z lﬁjini + & (3)
j=
A i o E: Y IR ENERE, By, NEUE: X; ot j AR EEME AE: By
NXj MIEEH RS KOV AZREAMNG g W0 E AR ZEDL
BATEE G “GWR #2881 8] )5 R BE AR T X A 00 ” BR  GE TR 50 kA 56 2= [a]

PRtk AE1E (Feng 2, 2021; Leung %5, 2000). 45 k NAZEM REUELy, (i=1. 2. 3..n) HIJA
1% HO &R % Hl .

-_~+
Bt
=

Ho: Bk = Pak =+ = Pk
Hpi: Bu(i=1. 2, 3. n)#/T TR
LAF, (k) ot i i it &, H a7 B By /v, o BFEEERNSE /8,1 F 734t XT3
MK T, iR F, (k) = F,(y2/v,,62/8,),75 € HO; 5 N425Z HO.

vie

1%@:%— 4)

RAVE = L5 B~ 258 Ba)% vo=or [2BT (1= 1)) B] (= 1.2); 6% =SS0k RS iRy
k) AL g 1 %DL%IE’M#EEHH B, % W(Leung £, 2000).

245 ABREIRY AW T BENLAS X IEA A ] A8 XIS UE P FRF LT B TR R Z 230 (Root-me
an-square error, RMSE). ik RE(R-Squared, R2), W e ME NI PEANFEFS .

24.6 AGB #2104 B B A R# 2 %

AR H 2875433 AGB [FF3 W AU e e . BoAARCkUE, AR DL 9:1 By b4 il
SRR o fFHYIZREE R SIAAY, T T B AN 9 X 381 AGB . A2 & 100 &, 733 100
5k AGB . 1H5EX 100 5K 00 B B-F39ME, F NS A RIS R . [Fns, FIHX 100 A &l
THEATENE, AfE TR RE A (Wu 55, 2023):

Bgro, — B,
Uncertainty = —95% 5% (5)
Bmean

Ho 1 Byso, Fll Bsy, 53 51377 100 Y FRINE Y 95% B 42 X [IAT 5% B 12 X I L FARI R, Beandern 100
5k P A - 254
3 R0

3.1 AGB &t MEAF
PATRRE 2.4.1 b 5K mE SR I A R AR T i AR E o $EBUR SR ACRRE R 2 X v, DA T X8
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AGB TRIAFAE R p AT 0.05, FHX LA E ) GWR [0 REUFEAE B3 2 A 2 5. X g = 54
EAER: BE, TR RIGE RN R, SRR AR . Flin, 7£10 4
JAIRAAFIE, A 5 MFER p /T 0.05, 1 B3. B4, CARI. MSR fll GSP. &l rt, ®ATRI
9 MEIES AGB HISk & ARE . Hik, B NDVIET Riimdes R, EHEEREAFERE T
FZER, XEWE NDVI 598 T DL E 8 e o 72 X3 AGB 70 . 55 =, L2 NIERHEIL 2
IESHRFE, H5 AGB FIR R RE RN, R 7 MWERKRY, 758 AGB WEF R H 4 NMHERI
3 ) S R AR AR

&6. AGB MEFHF2 EEMKE %R
Tab. 6  Results of the F2 significance test for AGB predictors.

L nE il SRS F2 P-value 4S1E A F F2 P-value
¥ KA
LREML B3 2.730 0.000 BERML TNDVI 1015 0.441
B4 1.939 0.000 NDWII 0.826 0.819
BI2 0.165 1.000 MDI2 2.701 0.000
RDVI 0.435 0.999 SR 1.860 0.000
CARI 1.730 0.001 MDI1 1.556 0.003
PRI 0.181 1.000 REP 0.112 1.000
MSR 1.820 0.000 MSI 1.088 0313
NDWI2 0.203 1.000 NDVIrel 0.684 0.961
TGSI 0.332 0.999 MSAVI 1.804 0.000
GSP 3.437 0.000 SIPI 3.087 0.000
BEESL Bl 3.547 0.000 NDCI 3.564 0.000
B5 1.028 0.416 NVI 0.258 1.000
B6 1.869 0.000 MTCI 0.765 0.920
B8 0.883 0.680 Clgreen 1277 0.061
Bl1 0.110 1.000 SDP 0.874 0.752
NDVI 0.828 0.845 AMT 4.444 0.000

#7. AGB zIEFHF2 BEM4KE %R
Tab. 7 Results of the F2 significance test for AGB driving factors.

IREH K&+ F2 P-value IRFHEF F2 P-value
Ele 0.687 0.975 GSP 14.672 0.000
Slope 1.771 0.000 SDP 1.821 0.000
Aspect 0.442 0.999 ShD 1.177 0.189
AMT 1.221 0.091 HCI 16.552 0.000

3.3 RENEN SR

F 8 g T AN B R ERITERE, PRANTRARELFE RMSE M R2. oIt 2 REHLAE IR UFIL &
A8 X UAIE, GRF A FE i i, R2 0 HIiA 3] 0.622 F10.481. GRF AMYE IR 1AL G HLAE 2 ST BBk A,
TEVEAL 1 P 45 S5 A H SRR # . (Meyer & Pebesma, 2022)F5 H, HL2s 2% > i) B 2 58 o 15 H
RMSE 8} R? & FE AR AT 25 R v SEVE R4, SR P B I FR A5 P35 1 A Fe30 BBl N B BT TR 22, 5
T A2 B XA TR ZE K 22 57 . GRF A PARIS PEA% 2430 RF SRS, AT R A3 AN 5] X 3 (8] PPt A
FE 2 7 (B 3).

8 WFRE X EMZE X ETMER BRI

Tab. 8 _ Performances of four models on the validation data using random CV and spatial CV.
random CV Spatial CV
RMSE R2 RMSE R2

Model
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SVR
GRF

22.05

23.30
30.832

21.397

0.599

0.552
0.216

0.622

24.77

25.889
31.314

24.90

0.487

0.439
0.180

0.481

@

K 3 GRF [ (a) HJ7HRIRZEM PE £ Eh(b) B2 (8] 70 A

B

...............

(b)

Fig. 3 Local (a) Root-mean-square error (RMSE) and (b) Coefficient of determination (R-Squared, R?) for GRF.

34 AGBHIZ SHmAMAFHEMSIE

Bl 4 Box T VURBAY) AGB (4 /R 2 A . WEEE I AGB FEZ A £ ARIL A X,
PUERHL XA G T2 AT . DUFPELAY AL ) AGB B £ 247 0~138Mg/ha i fi, {Hi2 GBR Fl SVR {5
SR I R % 28 . RF. GBR F1 SVR 7ER/N R HLIX X AGB G545, 1M GRF ZEZRILSM A
GB BUIK, P2 mFEEBIIIEK, AGB IZWHE K. FATKIN GRF RILHEH 5(Y. Chen &5, 2023)H1(Yang 5,

2023) IR FE 45 SR At — B . = FPHLES 2= ) ik 2 B AR RERGIA Y AGB ZARHHLIX a1k, AIRg&H
AR T AR Y, TR Al A 75y, 3G RN XS R IR . B S R DAY )
AR, ATLLE H GRF R AN i A DU AN O IR IR 1
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(C) Gradient Boosting Regressor (GBR), (D) Support Vector Regression (SVR).
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Uncertainty
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0 1

B 5 (a)uERRENLARAR . (D)BENLARAR. (c)BBIEHESRIAIIT (d)STHF [ B 1ml VA i AN 52 1k

Regressor (GBR), (d) Support Vector Regression (SVR).

MERE DT
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Fig. 4 The global and local prediction maps of (A) Geographically Random Forest (GRF), (B) Random Forest (RF),

Fig. 5 Uncertainty map of (a) Geographically Random Forest (GRF), (b) Random Forest (RF), (c) Gradient Boosting
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X FE DX A J\AS BN R R M D BEAT T 0, S5 5R A1 6 Firs. HCL HISZMa &K, GSP IRZ, as
pect FIFEMARR 5. BEAN, X DPUAMZAEZS [RAR-PRaE U IX BN R B i AT T2 R (B 7). BA TR
WA AR T, SBRE R REIE g AR 1) PTG 5. GSP Rl ISR 5] /) 2R 217 5 B 2 )R B2 3 9. SDP
Rl AR 200 B 7 52mi 0 0 R B, (EARARIE FE RN . HCT PR RS2 A W B AR B2 3Rk, FE 3T AT
DX 0, AXAE —Le /N DI RS -

0.30
®

0.25
3
5
£ 0201
=3
=
o [ )
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\.—_.
R
R
= 0.104
*———80
0.05 \. *
1

ele sltl)pe asp'ect GSP SDP AMT ShD HCI
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Bl 6 byl R 75 B AN AL X 3P () 5 IR 7

Fig. 6 The influence of each driver in the whole study area

......

;;;;;

7 (a)Slope, (b)GSP, (c) SDP il (d) HCI Rz /123 7] 43 #i
Fig. 7 The spatial distribution of the driving force of (a) Slope, (b)GSP, (c¢) SDP, (d) HCIL

4 THE

4.1 ZEEPREE
FECUERF LT T, AU BONVRELAR R B8 2R L L Y 2 25 1] 4P A2 . (Foody4%, 2003) K ILANIFI 7 B
Il AR, Landsatf) [R]— b S5 BB AR 20 5 AGBZ IR [0 A R EGE AR . X Fhe (BT Aatt 5
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T 5 R R) 1 A2 FLASE A 0% . AGB B2 R AR BRI 7ol & AR UL, X SR REAIE 2 52 1
S (Rawatss, 2019), MM RESE S AGBAR L BDGIERHER 22 57 b SR, BR T 5 AGBA R HIMEIR
Ab, ek SO A GE W] L2 B AR IR, o AR AR AR MR . B R ZE(Asner, 1998; Rautia
inen%, 2004; Hovi%s, 2017)%4%%. filtn, (Wallis%, 2023)W1%¢ 37 61 S b R 5 bkmy & B 2 18] (I &R
B2 52 BB AR 2 RS2 o ZME IR SERAMEIR 52, B & AGB S RFE IS RHE 2 MR R R,
SEERE R BT HE . RETF A RN T B2 6 E B0 RS 8 BRI R IX L
BAMORE R REm, (HAA PRI R Re A A LA 2 A MR (Ollinger, 2011), A3 8023 F]9E
SRR A BT RAELE . Bl n(Yangss, 2022) &3, #6iE(E B S5 LIDAREHRARSS & vl DM s fh EAE 2, (A
BRIV BEAEAS [R] I AR AR B AT AFAE 22 57

N2l AR DS RGN AEDRAE W RS . AN AREI CRIARE N TAR) A B R B (UM% 4K
AR BN PG AR R E A (Lees, 2023, 2024), X FPAR{L ] GE < U AGB - IR BT RFAE 2 [A] (1 ma B 0¢ &, 451 dn
AHIE T A R BAFAE 52 25 [ AR PR M I AMTAIGSP 3X PSR AT (Carnicerss, 2013). X TAMTRH ¥,
(Y. LiuZ, 2014)RIEIC AR, IR EEAR . A IR MR Tk, AGBSAMT 24 1% 1F
e, MR b RS, BT L KRG R LB RG T, AGBHAMTREIEL MR R. (X, Chen,
2023) R ILAMTXE 5 SR HAR 1 AGB I A RN 2R 380 R AT 55 2 (1) 1 ) om0, 6o o P Pk vk e UL A i £
X P A AR B AGBYEFIE IR IR AFAE 2 57 . X T-GSPRR T, GSPARERRAKER MM KE, M AAGBH
S FEIR G F(Liang%s, 2023; Oksanen, 2021). SR I Fft R il (s B2 R A s 57, A RO ol e it 57
PESE, AR R REPT R SS(Z. Liugs, 2022; YuanZ, 2022). i1, (H. ZhangZs, 2015)% I F#RHK
HAHFIAGBXT GSPAR & U EAFAEZE 5 (WangZE, 2006)7E i AN [ ik 6] 25 i TR AN G S P 14 1o i
EA—HL

4.2 GRF AR

VFZ W TR, K B INBGE N SHLES 5 ) AR LG RE SIS &, T DML TR S pLgs 2% ST 5
MO AR . filan, (T. Li%E, 2020040 M4 5GWRE A, e 7 BRI A B £ 2% (Geogr
aphically and Temporally Weighted Regression, GTWNN) #i7Y, &L HmR Y (R I T GWREEY
[FIFE, (Feng%%, 2021)K ILGTWNNAEARLLE R AEY) ™ & FINT7 AL T N TR 26 . s A1 [R]hnAL (=19
BRI SRR B mH . (XuFE, 2021)5| N T —Fh 2 R s B ANAUL A8 2% 21 7%, TEHB R IERE (1) 2% [l i )RUBE
IR R LS. (Quifbnesss, 2021) &I, SALGIM R4 R RLAHEL, A Hh B INA BE L AR AR
VA EBEIRTLAT (1) RV R 2R s 5K 7y FEARH T, BATRAGRETE, HRFEKAIEGEEISG
WRIFZS [ AP R tE A e IS &, B m RE B X S L R /N X IA GBI i EIAS B2, FRAIK T AN &
.

4.3  AGBURZHE T B H AR DL B E B

e FEAEARDOT /N (0 725 (B Y R N 2 SO IR R RS A DA R R AU R, AT X AGB ™ A2 — & [ 5%
Wi (Nie%§, 2019). #ATM, HFE5AGBIA NS¢ RAEA R R I XA FrAN[F . (Shenss, 2018)HF 78 &
B, BEEXTAGBRIFZMAE G . 1L DRI X 22 e B R . FEARBFE T, FRATVR I BT 2R H X AGB
FISZIA A X /N, AEAE R PG SR X 5200 78 G N . 1% BT e A2 PROA AR S X g e, 308 B 5 | ke g L B
IR AFAR AR /N AR R PG S DXCSP g AR sy, B BERT R IR AL, T 5 51 i AGBAR R 315
FAETEAE, TG SRR AGBI 4 o

GSPRRAEKTN I FEKE . AT, FoRoma g 7E 2R b X g5 K, 1777 Hh il i e S R 78 30 0k
T e DX B SR R B PR X T R K T, REOR B AR R N TR, AR
THAEFZIXIRAIGSP I T X AGBIS2 M S8/ o SRT,  ZRALER R A bR X3 =2 2= bk F0m, H AT
TN, 13 GSPREMS MM AR ALK, XTAGBRILRS] J17EBEA [X 45 4 1 1 i =

SDPIRIAEKZ= N H oK &R A5, WRSDPid m, HEBE/KERIZIE), Rt FER AR
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Eﬁﬁ@@ﬁmﬁﬂmom%ﬁ%%@ﬁw%ﬂﬁ,ﬁmﬂﬁﬁAﬁﬁ¥%%L,ﬁ%%AmﬂW*%
Ak AWK, SDPTEH FUHHLIX (B ZEVERUIK, X T RER B T ZX BN T5, HIEEAESRNR
IKEETT, %ﬁﬁ%ﬁ%#*ﬁﬁ*&%ﬁ%ﬂﬂﬁﬁoﬁfiﬁAmiﬁHMF%ﬂE Je3 08 5 o T B
Gyl R TR, WA RIEER, (EAMARKITASET:, Kt SDPX 1% X AGBR 2 (524K o

HCUREMFI Z FEME, AW RIAESAN R R, HCIMIKS) hfkam, X 5VF2HF 745 5 —%(Con
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