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Abstract

Aiming at the low efficiency and accuracy of artificial neural network (ANN) modeling for microplastic
(MP) identification using mid-infrared spectroscopy, this study proposes a novel feature spectral se-
lection method called EIS-CARS, which combines equal interval sampling (EIS) with competitive adap-
tive reweighted sampling (CARS). Using 20 typical MPs as research objects, the differences between
EIS-CARS and CARS in feature spectral selection were explored, and the recognition performance of
various ANNs under full and feature spectra conditions was compared. Results show that EIS-CARS
selects 44 feature wavenumbers, just 33.85% of CARS, cuts feature selection time by 97.25%, and
slightly reduces RMSECV. The chosen feature wavenumbers mainly focus on four ranges: 1802~1385
cm-1,1307~1164 cm-1,1073~956 cm-1, and 774~500 cm-1, corresponding to the wavenumber distri-
bution of MPs’ main functional groups. Both single neural network (SNN) and multilayer neural net-
work (MNN) models built on the feature spectra show fast convergence and high recognition accuracy.
The MNN model achieves a correct MP recognition rate of 99.17%. The ANN model based on EIS-CARS-
selected feature spectra matches the full-spectrum ANN in correct recognition rate but with higher
modeling efficiency, making it an excellent MP identification method. This study offers technical in-
sights for plastic identification and classification, and is highly valuable for understanding MP envi-
ronmental behavior and developing preventive measures.
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1. 5|

SR ot RO B AR AR e e TRV AR BR S R MRS, @Rl 5 AP B
i GISAETYE B R BRI A LT IRAE S A1) SR, AERIERHEF
A E 9%, 29 T9%HRFEHARRSG, Bk “ B HHE[2]. 6. At KA STERT,
KIBRLZ B kAR <5 mm R microplastics, MPs) [3]. [ Thompson Z5[41/EHEEK AR <40
IR MRS LK, FERNAR. WAL TR, HEEE, DLAREE MR OKFNYE 2 A RETE AN R PR
BRI B T OB R AEAE[S]-[9], HATE NS E R E SR FEAMEE NG F R 5 Y, 35 R AR
W NPT K AL R [10] [11]. BRI, PR, AERRIRGIFRAEE MPs FIEREGRAY, VRS
P - R IREEAT A RME R G IR HE AR A2 SIS ) vy i[RI UAC 5 v A 2 PRI B ARSI [ 12] [13]

HAT MPs 53 = BAHE H VL #rimik 5 eisvki[14]. B L2 =ML 5 R0 R R I, =)
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LNE=SVIE S

A 70% [15]; AT 2R AW RRGE R, (HRTAREEE 44 BESRAE S HLRERS [16]. SeiE ik oH -
X PR F C F, Hop R SRR B, IR AL B KRR, 1 R LD AN A R
AT RERE s DB BRI AL, FEROERRE IR M S B T2 R [L7], VR RR
W LR R A HERE O R I A I T VE 18] o B THREANURF AR, SIS EOR 5HLE 7 ST RS E
FTE R4 BT R SIS I ATk A5 2 1 32 S F[16] [19]. 140, Kaihara £5[20]1% T 4 /Mt i by 7 %8
B, S2BL 70 18 FHERI Y2, RZEAUN 3%, SR, FLOANEIELEE R, GG RIIA.
FHERER, BN IR S8 AR R A" YIZRFERT Rad A R [21]

TEEPEREEAMEBTHMIURER, HRECEIFRBET, AR @R, Hhig
H 3& N UK #F (Competitive Adaptive Reweighted Sampling algorithm, CARS) [X] 45 & 52 %5 -k 1% KA
(Monte Carlo sampling, MCS)5 fhi /> —3f¢i%: (Partial Least Squares, PLS) 15 5%k, #) iz H T -5 E 4
JE& - M R 2[22], {H CARS AT 7 X AN il ik AR, T AR A R S 4R 2R E0N K,
DR b e 6 £ B 4016 1% E A5 S I Rt b i RO PR IE 6, BN PR R R A B A R A SRR
SIS USSR T I £ — A L ] R

BT, ASCHR H— R B8 SR RE (Equal Interval Sampling, EIS) 4 3% 4+ [ 18 N 5 IR A 45 (EIS-
CARS)MIRHIE GG 4777, JFLL 20 AL RO RSN B, BF 50 N L 22 99 2% (Artificial Neural Net-
work, ANN) B OB R IR ERE . ABFFEM H I © IEREHOERRE TS @ @7 5T ANN &
S EARA IO R, @ PR AS[F ANN BRSO R R TI R . AT B 1R B B T8 B
ZLAM TG AT ANN PRI BB} e RORS T VR0 SR, D BDRHI IR 3 28 . I T R R B2 4T S Bl 5 B 4
s AR S .

2. M55 %E
2.1. SERRMRSERE

TR0 I8 AR VS R LK) 20 MhOURUIERLSEA, WARTNIE NG - T M - 2R IR IL R (Acrylonitrile Buta-
diene Styrene, ABS). ZJEESER 2.0 LK Y (Ethylene Vinyl Acetate, EVA). EX# ~HER T EEfig(Poly-
butylene Terephthalate, PBT). % [R5 (Polycarbonate, PC). % W i (Polycaprolactone, PCL). 58 2.4 (Pol-
yethylene, PE). ZE[iHi(Polyethersulfone, PES). ZExf 4 —HIiR £ —F#HH(Polyethylene Terephthalate, PET).
AL (Polylactic Acid, PLA). % F & 7 )7 & F i (Polymethyl Methacrylate, PMMA) . 5 F i (Polyoxymeth-
ylene, POM). %A/ (Polypropylene, PP). [k (Polyphenylene Oxide, PPO). % 7kt fik(Polyphenylene Sul-
fide, PPS). K Z Jfi(Polystyrene, PS). 5 VU %K £ /i (Polytetrafluoroethylene, PTFE). 2 Z. /il (Polyvinyl Al-
cohol, PVA). & ZHi(Polyvinyl Chloride, PVC). 2K ZJf - T Ml Be I 524 (Styrene Butadiene Styrene,
SBS). #EM: F & ik (Thermoplastic Polyurethane, TPU)%%, 4380 [ 45 SE4% ¥ B AL T 50BN B 58, Rz 200
H, 21/ 99.99%.

T B LA (Nicolet 1S10, S&E JE i /1 2 7)) i kb dk A7 494, Ity [ 2 4000 cm*~400
em™?, FEEN 4em™, BEASFEGIR 9 K, BITS 180 41T .

2.2. FHENEER

DAYV PR A B i (U 280 RIS R B0 B, 1 %, 200K EIS #1 CARS JTVEIE FRRHIE AL,
T R AR BOR DO B (R I 2, RHEBE SR IEE R R BRI G . A5, RARFEZE S
IThRAEIE A H[19], SR 3ET H i& B AR f5 1 (Adaptive Moment Estimation, Adam)#92:[23] 1] ANN 74 3¢
AT B M 22 1AL o
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Step 1 Jif 4 it 1) 55 [H]B% R A (EIS)

JE BT A6 1 (A AL b J8 B ) Ay r° :[rlo,rzo,---,rg]T s WALFRIE I R E A X° :[xf,xg,-'-,x‘;]T ,
Horp r® FORLAMEE RS AL BRI — AN AT, om™ XX BRI S r® XN BT, %. S
(] BERAE R, B IR 9 N, BIDAEE — AN r® iR a2, IR N AN RUS, BUnS , A8 AN,
WRUCKAE, HEI AR B & ' o O T e R TR RRAE N, BLr" SRS %N, DAk
HA %t , ST PLS B4 [24] [25], FFHEAT k F728 G HE[26], LARE HEGEYY 75 Hi % % (Root Mean Square
Error of Cross Validation, RMSECV) N 48 bs, i€ A HITAIRGAE . RMSECV i /IMEL B X 87 F) 1] f s ik
RN X' :[x{,x;,---,xﬂT .

k H758 SERAIF A2 ¢ ZHAE A BE AL H 35 5 Hh 5y i k A F4(e N C,,Cy,-++,C, ), RUCEFH A — A
THEMENNRE, HATEMENNGSE, 7 kR PLS B, k3538 XIIEM RMSECV Kt H£iER
N

RMSECV =

er_lzj/:(dz -u;) (¢} -u))
cxm

SIRGEA C, (1 =12, k), B e (Ul u), o, | R [d)dy e dl, ] Ul
5 d! #27 m4e il

Step 2 3T CARS Hikik ARG

CARS Sy 0] L 36 M s PR A B B S RE AR, AR MR AHEAT AL, LASR 70 i 1 A
AIARRENE[22], RO IS TR SR 46 BRI 5K KL (EDF) S K 55 TR AR B, 454 3% 1% 2 IAUR A% (ARS)
5 PLS @MHHTIEAAL, RAMIE /N RMSECV i sERFEI K, Bk 185 2% S lk[27] [28].

RMSECV /MBI 6 B A AEBEEGL I 1" = [y, 0] s REEiB i e [ AL A X = (XX, )]

2.3. HEZMEEERIE

NSEEL ANN B, DABRHE R84 5 RHIE & IS 205N, TR R B ki Hh 2 LRl 2 s
. IRIEOBRIRA, KR RE AR RN i 2 A, fr A NRRE VIR IE DR EE . Sl DA
A0 G R, IEFE Y K2 A RE JT, AR SCVE RRAE A SEAE A KR R RHE DI SRS 1) 2 £i%.

43 ) FH B2 A 22 ] 2% (Single-layer Neural Network, SNN) [29]. £ 2122 k1 2% (Multi-layer Neural Net-
work, MNN) [30] [3L1]&E BRI IR AR,

(1) SNN f# 7

FEFRE IR SR 40 5 RIS I 2 m BN, OBREEREOA (R IR, RA SNN M RIAC R
y=@(Wx+b), Hrh x Fomn fERHEZ L ARy &R m4ERIEREEAS A, W3R8 mxn B
FAEFE; b oy m 4RI ZE S 5 o () Rl B 5 90 e 507 Sigmoid B& %5 Relu B %X Softmax

SNN I ZRR ST 77 A 72 R, et 338 2 100 0 8 A o DAk N i 72 [32] . HLAARAEE ] Adam 5092
AR : © BIIEARERFEW | WZE b S E(a, B, B,, €): @ HEEMEH y 5 IEwfHH d
ZIafiRZEe=d-y 57 SR 6 = o' (Wx+b)oe , Hro IR Hadamard #1; @ FETBHEZ R —Fir Al —Bir
AT E S TEHAEW S5hZEb; @ HEH % RMSE <0.0001 Hsk.

(2) MNN F 74

MNN IR R BB L, MESEHEmNE . BRIEEMHHE, 2 1A RBE MR E ML,
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LNE=SVIE S

2 NI UL FORIRPEM 45 [33] 0 LA W 2% 8] (AL Rl 2 719 sl o my . SN2 BIRSGEUZ BCE R R AW, , B
BUZ N E AW ), IR FERN: © YIEBEREW, . W, a0 Z b 71 b K Adam 5S4
@ AL HRETZ I y, = o (Wox+b, ) FIBASEIH y = 0, (Wy, +b) s @ RIFMERE, Jeit k=
WS =y (Wy, +b)o(d—y), FTHERBEEE S, =@ (W,Xx+Db)oWTs: @ KA Adam FVEFEFHM
THE AW, AW,, Ab Fl Ab , FHIAESH; G HEIEMREZE RMSE <0.0001.

N T BErE ANN BRI BE RZ AGRE 1), @S LA, SRS AR I ANN B SE0ET L .

2.4. HEETETIEHR
FFIE I 2R 5 B AR IR SE 340K F RMSE PR ANN AR 7R (o8 B2, K FH 1E A 1R 531 26 (Accuracy) 4 ANN
PR RE o PAUINZREE NI ZA H S48 bn 1B A K

RMSE = \/Zfl(di —v,) (d; - v,)

axm

R, Y = [y Yooy, [T RIS a MR MBI, D =[d,, - d, | FRUIZRIER R,
Y, 5 d, By m A

TP
TP+FP

Accuracy =

Kb, TP A FP 43 BRI 2R A bt IF 5 1 3 PO RE A/ 505 A R 31 R AR AN 5L
3. BR 5118
3.1. FRiakiESHT

BRI S 1 P TR 2D AN AN B 1. KBS i 7 2800~3200 em ! A7 7E 75 A I AR T ik C-H )
ZEIRS), (R —2 M2 5. KT 3500 cm™ Al/NF 500 em SR80 BL Y, &AM AL E 1 B &
b, ThiAE 3500~500 cmt EEE A & A FE B BDGIE(E B #UAE 3500~500 cm B A B FERRAE G T

3.2. FHESCIEIERE

AALAMIEHRES FONMN, BOBRIERONH T, #7180 DL, AT ET IR, IR
1.1 5 20 FIRERL I AT S 5, H ORISR G AR L O 5 . AE 3500~500 e BB Y, K
[y 1.4464 cmt, JLit 2074 AMEH, RILEIS-CARS JLFHHIE L

3.2.1. FEPFERHEEIS)

BCE R N FIHUE A 0~19, 7E 2074 DMEEAN, 03 rIHg 42 20 AUB BB & ry o ng o
T 180 ALGHEEAR AR, UM I xR 2O, DRI R it 3 i # 3L PLS R
AFERIBRE TS, K “5 #1238 XIE” , RMSECV 45 ILE 2. 4 N =8, RMSECV #//:(0.0954),
Uef RS 8, FTAFREA R ZE L 8 31t 231 4.

3.2.2. EF CARS B EEFRIFENE

FT EIS frfe 231 AN R HdE, KA CARS HFEFRFHEIEL . KM MCS #4760 JCRAE, 18
3E i RMSECV IS (LI 4] 3(a), 7E45 22 VCRAERT, RMSECV §/(0.0904), FEith iy 44 ANMRFEUE
B, HAMELAMGEWE 3(b). fEEPRRHE Gk RE S, FE KA 4.190 s, 24T CARS ERFHIE
Sk R 5.906's, & FIRS 10.096 s (VHEHLECE &1 F: Intel Core i7-6700 CPU @ 3.40 GHz, RAM 8 GB).
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Figure 1. Average mid-infrared spectrum of microplastic samples
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Figure 3. RMSECYV variation (a) in EIS-CARS algorithm sampling process and selected feature spectra (b)
[& 3. EIS-CARS B ARAETI2H RMSECV 1k (a) Rk IR BHHE N1 (b)

IS, DURIHRLIAMERE R 2074 A3 B At B8R CARS BIAIE BRI G, /£ MCS KAt
60 JUdFEH RMSECV AR a4 4(a), 7E5 25 JCRFERT, RMSECV #/)(0.0933), JLifd¥ i 130 /MF
TEPEL, HAFMELL AN EE W 4(b). J:T CARS BVEIE AL Y61 i 367.570 s, #& EIS-CARS &%
i 1K) 36.41 1% .
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Figure 4. RMSECV variation (a) in CARS algorithm sampling process and selected feature spectra (b)
4. CARS BEFR #3120 RMSECV 54 (a) Rk IR BVHHE S IE (b)

EIS-CARS HiLHI CARS HyETEI M RAEZA F ) RMSECV #/hF 0.095, H EIS-CARS 5k
RMSECV Hi ), R PF 7 LGB RE G T 58, (H/2 CARS BIEE B FFEN 22 EIS-CARS
FVERE 3 £, IXEWREFIH EIS-CARS HRIEF IRFIEEIE AT ANN BB 20K 3 & o

TERFIEIREC A 71, CARS FE U 35 MR B o A AHXS 341 5), JGHAE 1700~500 cm ™ 22 8] 43 A7 %
#E . EIS-CARS Hidie £ (1 RFE I 3 3 B4 b 7F 1802~1385 cm L, 1307~1164 cm ™. 1073~956 cm . 774~500
H RS EFE, AENEEERK, Bk

em DU R, S L b, X POANIREE N

JEmNA

E He
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20 PRI B AE (1 C=0. C-O-C. C-O. C=C. CF,. S=0. C-Cl Z)FfE(f[X 1. Kt EIS-CARS
SR PR TE 5 B S B A B AR AR .
Z5 b, W RMSECV. SRR REBI A =AML/, KA EIS-CARS S R 6 A 2L
REMRAA 1).
Table 1. Feature spectra extracted by different algorithms
= 1 AEIEREEFHFELIE
Tk FHIE P (cm™)
500.4371. 552.5057. 578.54. 604.5743. 630.6087. 669.6602. 682.6773. 695.6945. 708.7116. 721.7288.
734.7459. 747.7631. 773.7974. 825.866. 956.0375. 969.0547 982.0718. 995.089. 1021.123. 1073.192.
EIS-CARS 1164.312.1177.329.1216.381.1255.432,1281.466.1307.501. 1385.604 . 1398.621 . 1424.655. 1463.707
1476.724.1502.758. 1528.792 ., 1580.861 . 1632.929. 1698.015. 1737.067. 1802.153. 2231.719. 2426.976 .
2804.473. 2960.679. 3012.748. 3416.28

501.8835. 506.2226. 507.6689. 535.1495 . 552.5057. 571.3083. 574.201. 575.6473. 577.0938. 607.4671.
611.8062. 627.716 634.9478. 636.3941. 637.8405. 663.8748. 666.7675. 671.1065. 679.7846 681.231.
684.1237. 695.6945. 713.0507. 714.497. 718.8361. 720.2824 . 724.6215. 726.0678 733.2996 749.2094
750.6558. 752.1021.811.4025. 835.9905. 837.4368 . 838.8832. 843.2222 . 873.5956 . 892.3981 . 914.0934 .
956.0375. 963.2693. 970.501 . 973.3937. 984.9645. 986.4109. 1008.106+ 1018.231. 1019.677. 1021.123.
1042.819. 1044.265. 1047.158. 1065.96+ 1083.316. 1090.548. 1120.921. 1123.814. 1145.509. 1148.402.
CARS 1152.741.1219.273.1222.166. 1226.505.1238.076.1245.308.1251.093. 1252.539. 1253.986 . 1256.878
1275.681.1278.574.1280.02. 1293.037 1301.715. 1329.196 . 1345.106 1346.552. 1349.445. 1350.891.
1368.247.1369.694.1375.479.1376.926.1379.818.1381.265.1408.745.1411.638. 1424.655. 1426.101.
1427.548. 1465.153. 1468.046. 1473.831. 1482.509. 1504.204 . 1505.651 1512.882. 1537.47. 1577.968.
1593.878. 1599.663. 1634.376. 1638.715. 1696.569. 1700.908 ., 1705.247. 1708.14. 1922.199. 1926.539.
1936.663. 2027.783. 2237.504 . 2238.95 2801.581 . 2852.203. 2908.611. 2910.057. 2917.289. 2966.465.
2967.911. 2972.25. 2975.143. 3015.64. 3018.533. 3019.979. 3296.232. 3300.572. 3437.975. 3446.653

3.3. ANN #=EHARI X Z Lt

3.3.1. A& RBSEMKE

FIH EIS-CARS FLIE £ 44 MEFEREL, 43 A 2.2 1511 180 46T Bod 4 ik BRr i i 2%,
S HHEATARUEIE A0 e, A8 ¥ 5 (B 2 E 9 ANN BRI N, 20 RS RI 2B TR A, Fk
FHEE SR, RIMANZET S in=44, )1 m3im=20 . M 180 AFFAE I Kt 4 b B LE 3
60 ALVENEFAEIIZREE, T lZ: ANN #E8Y; Fl 4y 120 ALVE NRFAETARAE, 0 AL X S Rk 1 TE A iR
IR, 435SR SNN AT MNN A7 2 7 i SRR i A R

(1) SNN A 7d

ANN 2 B E A I R AN 2R FE 3 — g I REM . 78 SNN AL, SRR IS E B4 seed.
bsize. a fll B, % 4 NBH, BB F: max f(z), Hrz=[seed,bsize,ar, 5], % ZHHH
YO B E N 1<seed <100, 1<60/bsize<6, O<a<l, 0<p <1, H seed Fl 60/bsize HUEHL. f(z)%
NS z 1), SNN 28 Yl 25 5 AR AE AR AE o B IE AR IR A 2R . (RSB S e BEA R/ 20, i34k
K& 100, 28 XAEEE 9 0.8, L H 2N 0.3, i HA R RM S G 9: seed =54, bsize=12, a =0.7718,
B,=0.0662 . iZHXASH, 7 SNN BAL, SNN B Pl Zhid #2 LIl 5. 7EVIZREE %k epoch 4y 6 B,
SNN HERA RSk, FERT 2.466 s.

(2) MNN #7H

MNN %% 2 MEsE, 5 SNN BRI SEAEEL, MNN 50040 00 S 508 In B2 (10755 5540 m,

DOI: 10.12677/aep.2026.167123 1218 AR ATHT


https://doi.org/10.12677/aep.2026.167123

LNE=SVIE S

Fim,, Bk MNN BRI SE0ERE seed. m v m, . bsize. o fl g% 6 M55

AERE MNN ZHURABIR T . max f (z), Firfz =[seed,m,,m,, bsize, e, 4], %55V G %
JEH1<seed<100, 1<m <200, 1<m, <200, 1<60/bsize<6, O<a<l, 0<pB <1, Hseed, m,
m, Fl 60/bsize BVHEAL.  f (z) FASHIN 2 i, MNN G IR 5 FERFAE MR b (¥ IE U0 2% . Bh T 7%

WACHIZEIE 2, DRILAE A S b VOB REACOR /Ny 40, BEALARECH 200, 2 X308 0.8, RN
0.3, IHHEFIRNSHMAEN: seed=7, m =94, m, =73, bsize=15, «=0.0297, S =0.0934.
IEHRXAZH, # MNN AR, MNN BRI ZRid 2 0L 5. fEIIZREE % epoch 79 15 I, MNN #17%Y
L FUSL, FERT 2.619 s,

T IEFRE G, S EAL G PR Y R BRI SIoE A, T B AR AE I ZREE AR AR
R PR IERRIR B R B3k 3] 100% (4 2), 3 1t I 9 bR Y 1) o B e v o

3.3.2. RBUZEETME

DNEBAIEF AR ANN B2 A0 RE 77, %t 20 B RL o S E TR, AEARFREA . H AR 1R 46
TR (R Aom ™, BRI 6 K, BHEOLIEE EY 3500~500 cmt), £33 120 4G i .
It EIS-CARS HLIE £ IRHIERAL(F 1) SRIURHIEIZE IS %, SR X L AT bRt IE 84 . AR I 5 138
IR R FIA ANN BRI, S8 AT B i) 43 2060 B O R R, I 5 B SEROE R R A AT T L, T
HIEMIRAZEGE 2).

3.4. EHRIEERFILL

RIS T RFE G TE () ANN BORLGERRYE, SR 4GS 24T ANN 225, HIIZREE XS RERFIE I ZR 8 1)
A, MARAE XS NARFHEMRRAE M A6 0E . X4 Jeill 2074 ANEES6T B I I R AT IEAS A, IRk
HAEAN ANN BRI, RIS ET s in =2074, DL 20 FhYCRHSSAUE N, B H 2S5 ML
m=20, 73 7KH SNN A1 MNN ZEZABRHR A, BSHIWEsE. B EES RN R ES% 231 1,

(1) SNN F& 7Y

SHSHME, RIS EHN: seed =89, bsize=10, «=0.0350, B =0.5274. isHx4%
H, ##57 SNN B, SNN BRI 2Rt #2 WL 5. 7E 25564 epoch 2y 20 BF, SNN BEALE FU S, #E
I 5.756 s, SNN AL Il ZrAR A A v Rk B IEAf R ) 32 23 21 100% (4 2).
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Figure 5. Training process of ANN model using characteristic spectra (a) and full spectra (b)
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(2) MNN F& 74

gEsHMiE, RS HE)N: seed=17, m =33, m, =108, bsize=60, «=0.0066,
B, =0.0407 . IZHXA S, @ MNN AL, MNN AR R FE LA 5. #2911 2050 % epoch y 61
i, MNN RSk SISk, #EIS 14.996 s, MNN AL I A RN 4R Hh G R IE AR IR0 Z2 115 5] 100%
(#2),

NIRAIE 4 e 4 R ANN BERLKZ AR AE /7, 4 2.3.2 37 120 LA IIREAS 403 ()3 i R bR IE 25
A4 JEAE N ANN BERLIRA N, I8 AT BB AT 45 B0 B (M R 2R, JF 5 LS R R B AT X LG, V5
TERE (K 2).

Table 2. Recognition performance and modeling efficiency of ANN models for microplastics using different data sources

2. NEIBHRIET ANN EEXHRHEBR IR A 14 R R %

A Y54 LA S FEIRE A -
N i
AR ANN Accuracy  JIZiiK \

y g K Accuracy Accuracy i (h

RMSE ) © RMSE ) RMSE ) (h)

~SNN 0 100 2.466 0 100 0.0406 98.33 1.37
R

MNN 0 100 2.619 0.0100 100 0.0288 99.17 5.82

~SNN 0 100 5.756 0 100 0.0408 98.33 3.20
SN

MNN 0 100 14996  0.0064 100 0.0314 99.17 33.32

H#e 2 ar, fERSHMIRA S, RHEERES 20054 T SNN 5 MNN AR5 7 I H A TR Ui S0
R, i ELAE I 2R A A0 AR Hh ) T i R 59 2 4513 B 100%, 2 B 19 ool 22 [0 4 A 700 1) L 4% B A PR AR I P i o
T ARFMFEA, RRAEYEIE 5 A a2 N Ak ANN B 1 TEAf R0 A0S, Hd SNN A 98.33%, MNN
N 99.17%, I FHIZAEE S . FETHRHES LG ANN A58 AT A 21 5 4 R AR Y K 7] R 50l M e
XARES LN R A K (1) 181 EIS-CARS 5Lk FRRHE G /T A R 6 1l i A 245 2, IR 1IE ANN
TR 4 NI 31 5 4 e D AR [F] H A AN R s (2) AR HE DR AR L BONFFIE I ZREE 10 2 1%, R A B AL St
ST, AR TR LA, Rz AR

RIRL PRI S R0 TR0 28 R 0 MR ) B T bR [34] . 6 2 R Al 4 N SNNL MININ B2 £ 31 225
I ) 43 53] R AIE Y 1 2% 1F T MR SRS Y 1) 2.33 4501 5.73 i LEE S B AL I FE T, R AF i 244 R, SNN.
MNN 5 21 f) SRAFEFE S 73531 9 1.37 h F1 5.82 h, T 75 45 6 1 25 A~ IR S 24 R FE I 29 Jail imsd& 3.20 h Al 33.32
h, THEARN AR K DR IE TAFAE G i i 7 ANN RS 1) 005 B v

gE b, RIS BE RN SRR B S T 28 & AT, 36T EIS-CARS S FRARAE Y61 1) ANN A58 % i 98 k)
(AEI I RETEAR, I T AR SFONDHS BE 5 R 25 5 VPRI IE £ ANN A5

4, 4Eip

(1) EIS-CARS FELELRUEJFOGIE 3 A5 B AT T, A RGBS 1 X AN 61 B0 S il I SR A,
DR, FEATUR R RREG T, BERTE @R, Rl KIESE ik 1R RCA B S
H GRS ]

(2) FHRFAEMNASE B BRIV ZRER I 2 £, R A E AL S0 S B AT AL, n 3R AL A 20R
FZACRE T o B T HRRAE 6B A4 22 1¥T SNINFT MININ A5 28645 U AE 24 19 L 1 1) 26 7] 9 2] 99.83%FH 99.17%

(3) FETHHEGHE ) ANN BRI ) 5 4001 S5 AF T ANN BERUAH [F] (1) IERA R 2, (B 42t %
PF RS HMRAFER NN GRR FAARMIERE K, FULEET EIS-CARS SEHRHIENIE ) ANN FEALE —Fif
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