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Artificial Intelligence-Empowered Coal Geology: Advances, Challenges, and Prospects

Abstract: [Objective] The rapid development of artificial intelligence (Al) has reshaped the research paradigm of
geosciences. Coal geology focuses on coal, coal seams, coal-bearing strata, coal basins, and coexisting and associated
mineral resources in coal-bearing strata. These research objects exhibit highly complex material compositions,
multiscale characteristics, and pronounced spatiotemporal variability. Consequently, the major research directions of
coal geology, including coal petrology, coal quality evaluation, critical metals in coal-bearing strata, and coalbed
methane exploration and development, are particularly well suited to Al-based approaches. [Methods] Al is driving
coal geology beyond traditional experience-based identification and local statistical analysis toward a new paradigm
integrating multi-source data fusion, intelligent prediction, and mechanistic interpretation. It also provides new
opportunities for discovering previously unrecognized geological phenomena.[Results] This paper systematically
reviews recent advances in the application of Al to the intelligent identification of coal macerals, intelligent prediction
of coal quality, intelligent assessment of the occurrence modes and resource potential of critical metals in coal, and
coalbed methane prediction. Al technologies have significantly improved the efficiency and accuracy of maceral image
recognition, coal quality parameter prediction, identification of occurrence patterns of critical metals in coal, and
comprehensive resource evaluation. However, several challenges remain, including the scarcity of high-quality datasets,
limited cross-regional generalization capability, weak model interpretability, insufficient consistency with geological
mechanisms, inadequate knowledge constraints, and limited implementation in engineering scenarios.[ Conclusions]
Future research should strengthen the construction of standardized large-scale databases, promote the deep integration
of geological knowledge with data-driven models, develop interpretable and transferable intelligent models, and
establish an intelligent research paradigm oriented toward major scientific questions in coal geology and the green and
efficient development of critical mineral resources.[Significance] This review highlights the transformative role of Al
in advancing coal geology from experience-driven analysis toward knowledge-guided intelligent research, providing
methodological support for major scientific discovery and the green, efficient development of coal-related resources.
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EX7HARERER, AbtEAEEREREETRE., BRXRZMEANFTR, BEBEESH A EL S
F. mRARNG UL TEGFENAREF A ARR R AT FFATEN AR ERER, RINEH R F
REZEBHEBRERE, KRR FTHE, TABNBHER, WETRRMRFEARFFASL X
WY IREEE BT KB BRI
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0 5%

ANT3EE (Artificial Intelligence, AD SASCEHLERE}EH a4t T HE T H, HIEIHBREE 14
P BRI M Z ERE G KR .. AL REE IR . 22U S0 (0 b 22 50 U000 tH Bk R, ¥
Bl 7~ 52 24 T AR A AR 2R M OC RN AL RRAE, S SR ERRL 2 BS RE . RURMASEIEY . R R
FTTI e

S 5 7 T R R R R 40 SR (e FEE AR, 1979; ERBEERIEE, 19800 o ‘B2 DAHA)H %
FIR AR, T S, SEE R B LRSI R s R PR R A A A,
FEAR I I 5 22 F O R T IC E A BT 7 shid 3, WU BRI EEf . WA A HOERIRSE AL B4R}, oA 3t
R 75 BOUEIT R SR SR U JE 1 . M B SR IE 5T . PUAR S BRI S HOERAL S, AR
b 2 R SR A YR S B PIA ¢ (Taylor etal., 1998; Thomas, 2002; Hatherly, 2013) . &
HOUTR A 2 SR A SRR, s CCBRE AT IR o BRI RS R .
BEZAC CRullD sy SRR 0. B A . 5 R 22 4 A A S BT ) A . 5 2
) EAG> SCERIREAR SIS, BB IRR, SN0 R EBTIE S HEAEE. HEBERKRPILFEK
Jelts, It EATAE T HMEE RS SR (BIIEIEAS .

20 AW, SR RORLESE R B T 012 N bR & T 22 1) 2 SO RHEEE S L. 1927 4,
Wik kR R T 58— kiR RS TR R 7 B (Stach, 1927; Stachetal., 1975) ; 1953 4, [HBR
A FMENE A2 (ICCP) &, 1984 FHEFREHLA 452 (TSOP) FAL, X 2 MNEFRZFEAH L
FRAL ARG R 22 R e s F I E R, BEE, FEE. ROCRERSEEAR TR T K E R R A, ERE
B, R R TR RO iy 4, B L ER Ak AT % S ST TAE (Lin et al., 19865
Diessel, 1992) . 20t 50 fFARZ 21 thadw), SEEL JeE . RZ Wy WO AT [ 45 (5] 2 25 i () 45 1 o
ST B A BT (Hutton, 1980; Moore, 1992, Finkelman, 1994) , R KHuUKE TS, Jf28
SE TR IRAL S . BRSSO BRAR SR . AR B VS BRVR T SR B AR T, SR ORI A [ S
IR AR IR T B2 SRR LEE . 43 A7 BRI & A 858 (Karacan et al., 2011; Moore, 2012; Z 545,
2013) , 20 tE4 80 AFAXAT, 36 B4R I B M i & - R 2 SOF RS R e g . BT, B s o
B4 R R B AT AR EOR DL R IR 2 AR B R I R A R R A B ST ATV ( Seredin and



Dai, 2012; fUiHi%, 2025; Liuetal., 2026) .

PR FATNKIAT T, RR T REZRE. 2R, AFBEART: TUathrS5xEsi. s
HERIL . B B . BESMR . MR IR . B SRR B AR A, B
FRAH RS LR AR I e (BEfEE | 1996; Ward, 2002; (EfEI5%, 2006) , JFHEAPHEMXEER, #15
G T 206, RIS ER — 8 br O 70 7k, AR 0 w4k 5 2% o) U T I BH S22 R B o [RIE, AR 5 2
BN T B8 7208 BN B B — . AR, N TR EEREME AL 1) R 70 . T HEhs
TR S8 & B MR AR ASHEWT AR 2 A0 B 00 &5 7 TH B IR TP RBCR SR 55—, AN TR BEH N
FAHHE R ORI RIS, R R DT AR SRR ARl P O/ Bk SR TR AL TR B
FEal.

S SR A T B RER R T W, RGBT N LERERIN IR, R R
WIFEVH . RS BRARES SIS . SEESTAVEN S, JEEMERE b, 3250 260
WFFEAFAE TR RN [/, $2 HA AT R (AR 58 DA B AR SR B ORI 9 75 [ o

1 A T4 0 B RE 30 L - e AT 0 2t R

1.1 ERMEASHIALEEEIRAIKZEA

AU A3 R 5 ST S AT T A, R R 2 TR . BRI VAN AR R
TCR RAFIRAHE T 00 EE Y R KISk, B RARE 7 (IR ) R BRI R G . 3B RISk B Al
BWE, LSRR E N BT AR F B (Glagolew, 1934; Teichmiiller, 1974; Ting, 1978;
Crelling, 1983; Crelling and Bensley, 1984; Tayloretal., 1998) . iX— kiR RIEM A W7 b B b
HER, (AAAE R R, PSRRI nx W g A aotE g, H TAEER, 75 RFEARN S
BN BCEHEAR . N TRRIEDH G N B BT, HHESZ A8 b 4 St AR o Hr R ML 8 2
S R A SJE S BN R -

PR R BRI KRBT T 3B BB TEE. KB TARFISESEARAE 1 IR
arHT, I E B B AR AL B R > N T AR T B AL % (Unsworth and Gough, 1989 Lester et
al., 2002; O'Brienetal., 2003, 2007) . 25 [ Boe UMESNEE I NT B, A ERH K4, SCREm
. FENLARM (Random Forest, RF) . FORIREEA N T M 4% (Artificial Neural Network, ANN) %5
JEEI N o BRI S, SEIUBR TR WEAR . SRR IR KGR A o 16 E R, R i R 2
B AR B S 2 E S5 4E 45 (Mlynarczuk and Skiba, 2017; Liuetal., 2019; Wangetal., 2019a, 2019b;
Tiwary etal., 2020; Alpanaetal., 2021; Onifade etal., 2021) . =Bt &LL U-Net. SegNet. DeepLab
Al Mask R-CNN Z AR R IR FE S ST B, B3 A B4 43 IR 13 e B Bl UGG AT R R oy, itk
— B RBBIRRIEA . KLEE. MR S 3 M 5% 701k R0 2 2800 [F R AE  (Iwaszenko and
Rog, 2021; Leietal., 2021; Santosetal., 2022; Wangetal., 2022; Fanetal., 2023) , %0245
AR R R R AR WL 1 R

FESRH IR, BT R ORI . BRI JERR AR A AR AR R, AN R R
] — A2 2 RS € I FURRAE RN i LA PT e BH AN o (Rl SR 3 R AN S — A ] L I8
FEG B8 Fn, ARM R 8 2R, T SR B T A ) 2 R BN R 2
KRR S5 R AARTE m i R TR LR B S R R L (O'Keefe etal., 2013) o X FfSZ B 451l 1)
e, A AR AR H AR BRI ISR SE B — RMAFE AR e 2 . SUCE, fokhifR . w8 B2
PRFHEEE M BUARSEARL. e AR B ARZERE frb & 8AK, [N S50 2 W) 2% o Fn RS e 75 -4
DR 2 B BE R B R R . (Xuetal., 2025a, 2026a) o

BRE, N Rt A 2 iR, ASOCEE SIS e PR AR A B, T ELZEEHE SIS 2R [ B 5 [ b O 944
fEREEA S I R e, FEAREIANEE L. O@E L miE. fedif. B0 SRR 7 EUG B 2



FRAERE S 2 BRAR R A AR T RS T7 AT PR AL BOYE AL, Q@SR AR IE . B B A RIRZ)
AR, DL m i N TARESE A R, O BMA 2 R SHEI S8, 7K. tRE'Es
WAE, DARHRER TN AR R R . SCBN T ext B 7 R, ARERS I N AR SE, $
e 2 AT AN — Bk, T EL AT DA B Sl B A o) i E PEATE BT AT, MWARAE R TTE S . AL,
Y. TS R BB FT T K

ETHFERTRAN BIRGB=iBIERERIE

B sahRs BERASIICIASRS EFLBPRISIRFFIEIRR
E—PBER: ERSF -‘ . ‘- . l
s i 2 ﬂsmgﬁégﬁﬁwmw
(AIAS, IBAS) RATE R
. -
Hm il Kifi$h ATHIZFE M
(8 ) (KTN) (ATM (Ran 0rr|| orest)
BIMER: MBES | |
K-MeansB 3 BETRSER 1ER/ SR AT RERE
(K-Means clustering) (GMM) (Fuzzy/Markov clustering)
/
) ZREREMSE
LeNet$FEFZEX PRSI TR LR {Multi-scale residual
(_LeNej +SVM) (Mask ‘R-(TN N) ncl\T)rk)
FE=FEL. REES) " * - - * .
. . U-NL SE . .
VGG/Res2NetiH] (]\'Iubilc-Utnct/VGG- BRI T E
(VGG/Res2Net) Unet/Res-UnetZ) (SegNet/DeepLab V3+)

B IEEMEAIFRAREZERARRE
Fig.1 Development of Coal Maceral Identification by Al
1.2 ETHR%F S S5SHBRBMNERREITN

FRE o B B Ok AR B R BRI A AN L, SRR R 2 5 TR A v e L S SR RIE T TR 2 —
(Shirazi etal., 1995; Ward, 2016; Finkelman etal., 2019; Daietal., 2021; Howeretal., 2022) . [E&
Aty JTRAHT . B U AR R AR R, N B AR TR T R A A T
W, )40 v AL K B (Higher Heating Value , HHV ) Al W4 [ 7] B % % ( Hardgrove Grindability
Index, HGD ZFXRBEETIEIR. SETIFM AT LML ST A KR EE 08T, B0 5 ) 2 IR EE IR K e
TV F S A% v K P TR0 S AT R 40 A R AR VSR (1 37 58 (Vuthaluru et al., 2003; Jorjani et al., 2008
Akkaya, 2013; Tanetal., 2015; Matin and Chelgani, 2016; Matin et al., 2016; Hower et al., 2021;
Richards et al., 2021; Howeretal., 2022; Xuetal., 2023a; Garcia-Nieto et al., 2024; Sharma Timilsina et
al., 2024; Zhuetal., 2025a; Mengetal., 2026) ,

HUHHV 15, HAEGNE W s SR, 0k T 5, Al A, Seoe 2k
A YRS 2 A AN S5 SRR 5 S5 AN, BRI I R L R S0 77 925 R o AN R B BN % 22— (Mason and
Gandhi, 1983; Richards etal., 2021) o FJIHF 5T 3 E T Tk 0 80 0 i ar 2256 24 ORI [l A 557
KRTTEE TR F T, (BAEERVEREA . X RE SRR 1) 22 S BN A L2 i) 52 24 R E 28
% R 4 @ ( Steuer, 1926 ; Mott and Spooner , 1940 ; Mason and Gandhi, 1983 ; Parikh et
al., 2005) . FEENAREIRIRE, NTHEME . SR EFJH (Support Vector Regression, SVR)
BEALARAR, B0 BESE T B A S5 77 k45 2 - T HHV TG, S N RRE L B — T iz 24 R 31 Tl



M BRI ET W= MANY) & EMEA &M (Akkaya, 2013; Tanetal., 2015; Matin and
Chelgani, 2016; Xuetal., 2023a; Garcia-Nieto etal., 2024; Sharma Timilsina etal., 2024) . &k L5,
TG T YR AN [ 1 DX RIAS [R] R B B s 000 HHV A (972 A0 B8 0 38 UE 77 T B 2 B Bkt , (RS AL AR R
TR RBER E A T B — P38 (Pes, 2020; Xuetal., 2023a; Garcia-Nieto et al., 2024; Sharma
Timilsina et al., 2024) .

5 HHV ML, HGI BN E MR 4. HGI AU BUGEARBE i Z F2 5, 1 H S B IERERE . HilR 80K
Mgt i % VAo, ILAE K i R GBI T2 B E 2 TR E X (Vuthaluru et al., 2003;
Howeretal., 2021) . HGIZMM . BRE S A G 0 WA & ACKRE AL TH055 2 N JL R 4%,
Ak Z EAFE IR AE LM R . B HGL AT 2 R A5k Rl Jo R AR g AT PRI (i 1, X Sy
SGERITEMT . THE RS, BRI B RO B S T X R I AT A R It AR e A 2 (Vuthaluru et
al., 2003; Chelganietal., 2008; Jorjanietal., 2008; Matinetal., 2016; Howeretal., 2021) . BE#& AL
AW 2 KR ERNE . BEALARAR . B & RS B HEEE R4 ( Adaptive Neuro-Fuzzy Inference
System, ANFIS) J3&EKHHIHICIZMN LS (Long Short-Term Memory, LSTM) ZEMRIFI5| N, KT iEXT9E
2R 1 o AR IR AR T 0 1 %1 1 BE 7 i 35 B9 5% ( Chelgani et al., 2008; Venkoba and Gopalakrishna, 2009;
Chelgani et al., 2011; Matin etal., 2016; Lawaletal., 2025) . {HMHEIHFFAIRE, HGI M 1Bk 2
B SE B A RE A 5 X k. SR . 5 LA e N o RERAEIRIE . KA AR AN 20 T T,
B SR UEAE A I 2545 B AR AT A0 DL BT B SC bR E 77 248 (Vuthaluru et al., 2003: Pes, 2020;
Hower etal., 2021; Lawaletal., 2025) .

DRI A M LA RN TR B 7 VAR PR R R, R HHV A0 HGE TGt 9 o AR PR AR 3k
T, k1.

£ 1 NTHERJTYETE HHV A HGI T R PR
Table 1 Representative applications of Al methods in HHV and HGI prediction

UILE L BARE ANTHE a7 TR AR SR

o MAREE T LN R ZE N 2.95%
Tolksrbrigts: Ko &K

HHV . ‘ SVR FE) A12.43% CREBHFE o MK RMr Tanetal., 2015
I3 5129 0.978 #110.994.
B - | GBRT. MLR. S | Jlli{4E R> 90.9862 (COALQUAL) Al
Tk Hrdabs: Kb Arifk ‘
HHV ) ) VR. GPR. AN | 0.9541 (Kentucky) ; MAE 4 0.462 Al Xuetal., 2023a
WKars FER Iy TE )
N 0.519 MJ/kg; MAPE ¥7°50.019,
s/ GS/MARS Jljik %
TR HTHEbE R=0.9921. r=0.9960. RMSE=0.1626, 1
HHV MARS. MLP. Garcia-Nieto et al., 2024
C. H. O. N. S T MLP (R>=0.9345) Al
MLR
MLR (R*=0.8683) .
WA R B R>=0.90; 99%F: it Fildll 7% 22 <4 A~ HGI H
T ) ~ JUHR N —%—L AN
HGI o RF B, 60%FER FUIR %<2 A HGT # 4 Matin etal., 2016
YRS S8
MSE=3.54,
R Tl iriEss K
) ‘ ANN. SVR. LS | ANN % R2>0.9, BEAEKIL)y ANN f;
HGI TN KA R TERE N ) Lawal etal., 2025
™ i~ SVRIKZ . LSTM 1.

B ERAEY 2.




HHV F1 HGI i} 58 BAR N QAR AE T I PR L8 ) R — 3500, RIVBRE S PAN AN 57 A A2,
i H 7 AT WL FE S 75 (Jorjani et al., 2008; Matin et al., 2016; Ward, 2016; Finkelman et al., 2019;
Wood, 2019; Barredo Arrieta et al., 2020; Hower et al., 2021, 2022; Wenetal., 2023b) . KPR,
Dulong A3 Steuer A RNELITTE UM HA Edr /1, FEA BN R, e T 45 R AA W
YIRS S, E TR TFEHE 52 (Steuer, 19265 Mott and Spooner, 1940; Mason and Gandhi, 1983) .
FHZT, HLES IR EOREA DT 3RS 7 S m i BIRE F,  S0ai ok 7 Uy “ AR,
URALE T AR, AL R R R R AE . AR R W SL F R . X R R SRS
FE 2 AL 2 B8 5 R (Wood, 2019; Barredo Arrietaetal., 20205 Wenetal., 2023b) o XJ 4% i
BN S, ZACCRRBEAIR AT M, 385 R BN B TS s ad R A kX8 55 %2 ALt A1 L ZAT A A
Ho

RGN, ATRBE R BT PN BIF 70 LELE B e R P T () A B2 L iR fRe . mT oR SRAHR & FOBLaUR AL
IEAESR, IR N T 68 (eXplainable Artificial Intelligence, XAI) J7iEHFaaE N 1Z4,, SHAP. FF{FEH
BRI T E IR LK AT TR A R TR R A . T BRI L IR ST FEAR 1) TR £
( Matin et al., 2016; Wood, 2019; Barredo Arrieta et al. , 2020; Wang and Lin, 2021; Wen et
al., 2023b; Sharma Timilsina etal., 2024) o HAZOE XFET: AMUE HEE B, 17 B A RE3E /R AL &
DURRTT 1)+ A FH R EE AL 5 U IR — Bk . [\, BT T R AN B AR B AE BIRE SR R R, 1B
KIEMRRERAR S, RIARRIEAR R 7> AR SEMARNFEFEAXIE T, HEREHTF 258 A4S
WSS EINE (Pes, 20200 o KL, ARKRBEFEA AT, AR ECE TR ZE, &8 G5
RIRERE AT LR L, SR HR AL L5 R o 7 AN TR AL 2 — 50 A e U 2

ALTRBERIE BTN B0 R — 2 KRB S8 3 N J7 e gt OB — B nsg ZIRRFER &, 72Tk oo
RO TGl B, BB GINBE S BRI L S, M T R T 2 2 O R R SRR AR R
(Chelgani et al., 2008; Jorjani etal., 2008; Ward, 2016; Finkelman etal., 2019; Howeretal., 2021) ;
@M BAVEREOLA e 7). “ TN — ke ” — Ak, B UIRAL . TR G B XAT HELEZE R BT T b () H 25
b (Wood, 2019; Barredo Arrietaetal., 2020; Wang and Lin, 2021) ; @5nALIIRL[F)#E XK., K
MRS TOLIGAIE, 8 5 R 7E Jm) 8 4R 1 3RA5 mokE FE T (I8 PR A 45 2R (Pes, 2020; Sharma Timilsina et
al., 2024; Lawaletal., 2025) . &2, ALIMRBERERFEIMATIT, AREMIGEZIBERLR AKX,
SRR A SRV . 2R Tl s S R RE S /TR &R (Barredo Arrieta et al., 20205 Wang and
Lin, 2021; Howeretal., 2022; Wenetal., 2023b) .

1.3 AIERERAXBREEMRPINA

Fo 2 R B < JR O 9 [ 25 1) o RV T ORI AR . I s A . B 0 DA S AR BT R 1
Ko NTRBET MR NEA Mg, s A Yo R 2500 PR B e R R A e R T RRAAARE
Ab4E 7 SRR R B ROV TTBE, AR R OCHE B Jm AP RS TN B P 0T 78 A% G fitid M Gt 13208 [ ] Ji0
e EA TR R

FEFRT N TR RERVE RSB G R B HI T FEr,  TTaR MRS TR R W7 2 I A e ) AL AR 2 fr) e —
G BT R Vees (FIAnZE T ra e« TIC o e i ASORH /sl ip i A 4 LR P 7~ PR BT . O e ok 14 P JR
A SR TR RN BENS Y08 & 8 T Re AP IR IR L B BAE S, (EA NIRRT R 2% FES AR
PEIR. X BT AR IR, HL B Li AR AR 7 7 Boe A I A DL S T S e &, DR A EE
BN R A I AR A 4 v 4 s O B < R AE A b ) R SE AR IR S M AL ( Finkelman et al., 2019; Dai et
al., 2020, 2021; Zhuetal, 2026) . IEFA, RSP BORREEGHHI7EKIHN T ML E ek
e H R ER o c R 5T UL AR (BRMAS) ZEHX R (Eminagaoglu et al., 2022; Xu et
al., 2022, 2023b; Yesenchak etal, 2022) . {Hj&, F=T#MEZE ST XORE BIPRS00t
Tik, BIRFTEATIE R OCHE G R IR RS I FS IR, R0 DL MR AR RS R A PR ) 8] 3R B AR A i



FHRME, WAL E N UERAZZ S (B2, EEnRE LS ek ik 2 R EA — 8 “ R
WK B CREAHRT .

PLE AL 2 4% (Self-organizing map, SOM) AR T B I, B m4Enm
PSR AR AE AR S50, AT B BB AE 7R JC R & K R T A e s I RAF RS . 7RI RR AL |
WERAH AT BT IR — M2 2 00 B S 29 IR S DL S B e 1oy Mr S vk, AMCRT T T AR )
WIERMBAERE, TS AT A R FRIE X 76 R BAT RS AR DTk, JRIRA e RN YR E
N AR NS AL . (Xuetal.,, 2023c; Zhuetal., 2026) . Kk, AIHFAE7E
B RMNEARGETT, FEE TS B A R R AP IR SR S Az i R 2R

[FIE,  ORER IR I3 LR il P A e R AR B R . FEARORAE SRR A BR LB B A, #1129 7 N L3
RETEME R CEE GBI AP 1) 2 B o L3824 ) 5 ik o] FH T 3Eeh 7 SE B sk 1, S B TN SRR 0 35 & =
e 3 A AHEWT T R IRARIRAS, ETA B T KRS (a4 [H alps 2 (19 55U 740 (Chatterjee et
al., 2022; Xuetal., 2025b, 2026b; Zhuetal., 2025b) . [Aif, RFEEEVFFRE SRR TS
WK, BT RSB MRA WAFRS MGG R SRR, MHHER S b B2 L BT R
Rz —. i, FEE-BEE A RS ' RS BT YRR R, o
SO T R N A TN, N A R SR TR 2 5 A 1 B 22 2 40 (Seredin and Dai, 2012; Taggart et
al., 2016; Liuetal,, 2025b) .

ALTRAERE R G & BT T ETRIEIR S R BB . o R B A SIS 2 A 2 5. BIERT
ST AN TE R 98 230N 25 5 T ] R AR o AR FC N B 5 I 2 S a5 RREATER =
ST, R R B BEE S TAIME VP NG HESE, b AT EIE M A ERE
SV ) BRIR T R () e R ok . TE TR b, AT S S IO Al 0T A R P25 SR B, ( Zheng, 2015) -
H—2MBAE, SRR DT R —FHER PP, MR 7ED & B4 WA RASHEWT
BRI TG RITR E R RIUSER SRV EA R AR, Rk, Bes .
PR P02 SRHCEOR IR B0 BAR TE o SE s L 18 LA R 2 B sl 2 AR R f G, Hoosk
BRGSO B S RO /DURASE . R IR R SEEG 4 S VR D ELA B LT R S
COLE B R I 2B AR ) DU I 2% S T v A o) % IR 2 TR ) B AR O R AR O
Ry WATE R IS T R R I 25 A VAN 5 SR AE R

1.4 ETAIEGNEESEAMR

PR ERTT & B A SR T - TR G ARAE, W AEERIE. A=W, =W, Her .
PR TR IR RE SRS 2 AT . 5 R AR T AR L, BE S B R A s i g, B
. TR E S, A SSE SR TSRS, FES N TR s 4E. 50, P A
PRARLR R A BRI . BN, MRS AT CEREVR S AT R B T AR N T SR T A .

MR HEEE, NTEREOCRASGHE GEZESMIRE T KT, EHRPNE,  ANN S
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