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i QAR MR E S B IR . BT R N TR R G R L R R I TR
HR A 15 6 2440 - Wi )2 15015 14 (anterior segment optical coherence tomography, AS-OCT) J&— g T IR Rl G, I A
BAEfh, =P, WA PUESER AL EIRR b, IRBHE A T 2B W R A AS-OCT B EAT IR BN 7 i F LR
B2 Wr, SR v AR A B 5L TAE R & 24T B 1 N B (cortical cataract, CC) Hal7r95. ALk, $&H T — N &F AS-
OCT EIM& 1 E 30 B e I B4y SRAEZE, o UG AR . RRAEFREN . HrAE I A1 4y 255 4 H k. w5, FIF R
O DX 38 2% B RN L B 386 5 5 v 1E AT BB Tl Ak B K45 5E 16 K S SE AR SR BE (grey level co-occurrence matrix,
GLCM). KJE X K/INHEFE (grey level size zone matrix, GLSZM) Fl4B I8 K & 7 5 f% (neighborhood grey tone
difference matrix, NGTDM) 7515 MR Jit XSS AR HL T 22 /ANMREAE; R, SR F T B2 2R 2 40 5¢ 23007 V80 52 B e £iE gk
AT RFALE B B 23 AT 07 R TUARRRAE s 355 R A S RpIm LT R AT 40 28, 42— MIGIR AS-OCT BIME##E 4 b
ISR I6 45 AR W, BT H th B B P A e 2 R HEZRAE I . A Il AF R R A F1 73 55) 35 %) 86.04%, 86.18%,
88.27% 1 86.35%, MU 155 et BTR FE 2% 2] Bk v ae, R 00 H B VR il Bh AR R A AT B s P 1 P Bl IR
S T HE ).

SCHRIR): KoM A B IR AT OGS A TR R R A R B M X3 RS HLAS 5 ) SCHF I &AL

SIFAM R ks B PR, 1 B8, Risa Higashita WRIE, 7830, XIVL.AS-OCT B NI F1 20 5 1 P9 I 0 FAES LR SR A. http://www.c-s-
a.org.cn/1003-3254/8867.html
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Abstract: Cataract is an ocular disease that mainly causes visual impairment and blindness, and early intervention and
cataract surgery are the primary ways of improving the vision and the life quality of cataract patients. Anterior segment
optical coherence tomography (AS-OCT) is a new type of ophthalmic image featuring non-contact, high resolution, and

quick examination. In clinical practice, ophthalmologists have gradually used AS-OCT images to diagnose ophthalmic
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diseases such as glaucoma. However, none of the previous works have focused on automatic cortical cataract (CC)
classification with such images. For this reason, this study proposes an automatic CC classification framework based on
AS-OCT images, and it is composed of image preprocessing, feature extraction, feature screening, and classification.
First, the reflective region removal and contrast enhancement methods are employed for image preprocessing. Next, 22
features are extracted from the cortical region by the gray level co-occurrence matrix (GLCM), grey level size zone matrix
(GLSZM), and neighborhood gray-tone difference matrix (NGTDM) methods. Then, the Spearman correlation coefficient
method is used to analyze the importance of the extracted features and screen out redundant ones. Finally, the linear
support vector machine (linear-SVM) method is utilized for classification. The experimental results on a clinical AS-OCT
image dataset show that the proposed CC classification framework achieves 86.04% accuracy, an 86.18% recall rate,
88.27% precision, and 86.35% F1-score respectively and obtains performance comparable to that of the advanced deep
learning-based algorithm, indicating that it has the potential to be used as a tool to assist ophthalmologists in clinical CC
diagnosis.

Key words: cortical cataract; anterior segment optical coherence tomography (AS-OCT); cortical region of the lens;

feature extraction; machine learning; support vector machine (SVM)
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H PR (cataract) & —Fi i LRI ECE AT S B
T IR, HRIR S 2 R A0, inaeig . sfe
Ja iR E SRR A . MR A DA 41 (World Health
Organization, WHO) 14144, 2 2025 4F 1 P L
BAHCEIE ) 4 000 /7. R iR A4 S5 14 H TR i ) A
B, AN REEE 53 3 A SR A FE (posterior
subcapsular cataract, PSC). JZ i 14 [ P [ (cortical
cataract, CC) Fi% P M (nuclear cataract, NC). H
oh, RSV P B — T LK) B SRAR, FORER
NIRRT X3 (2 )2) LR R AR 5 Rl PR
W SR EPIRAR IR I 73 28 R4 (lens opacities classi-
fication system I11, LOCS I1I), B J5i 14 (1 P4 5 1) % e K
FUr N 3 A B IEH . REERIE D IR R R
DX I BRSO 8 P A 48 B 5T X3 H BV ok
SEPRAEAS B i, R o i R Joit X 3 Py Vi ek bR ) 5 .
P R, R A2 B 3 6B LOCS T 4
PARUE T BT R RO C1-C2. C3-CSML FEI IR
b, R R 5 P B R RT AR A 24 SR A 27
B BTV A B VR ek R R B R R M 1N B R
B2 MR MR BT ARIGTT.

FEIG R 2 Wi B2, BB R AR 38 8 K F A R B AS
(1) IR AL 502 W J8 3 AN R SR 2 1) | P e ™ B FR L 1K
2 W72 RA BRI 0, HEESEAEZR M
TN EIRA R, I HAA o AT it s IR B A A A

2

W12 IR (1R ARS T P — 1 A 5 AR R 1) T R PR X 55
NAEZLBRAT BN R B AR it [l A SR AT i 1 T
Fs 5325, H/E ACHIKO-NC 448 Nl R 183 1
85.2%". 2= g o A N\ BT B S BRGHEAT 13 P9 B 0 5 9
IS T AR A 45 51, Zhang %5 AN TEJ5 RO IE B %
(anterior retro-illumination image) F#&H T — 5 %M
FI BRI A AE S, Fh 43 /K 08 B9 A0 By R R B B B
TR, TR A S R U EE IR B T 90.1%!). Y8 SRR
SREOEIR EUE N FEEL T SRR FH T R P B
H 238 TE—MGREAESE FEUS T 86.36% kR

HR AT 15 Y2740 Wt )2 %1% (anterior segment optical
coherence tomography, AS-OCT) s&—# OCT &%,
BA®ESHE mEd R, JEEMrE. v EE M
B R R U S Y M T A IR R R, e
RE SR ARG 5o T 1T 450015 B, Q4 AR 2. i
R, IRBHEA Q2 Z M AS-OCT K Ri2 W iR A
TP, AR GR A f R 7E 1 YR I PR 7T,
Wong %5 N\ K H W1 52 /R 24 R 0775 (Spearman’s
rank correlation coefficient) 73 1 £ AS-OCT B4 14
FYMERES 9 N ™ E AR A, R4t
2 LR B AR A Y. Wang 25 AR RE
£ AS-OCT IR W TR SRR AT PCREA 1 I Y B
(B AH DG, FF a8 H J R 8AH o8 REOTVE A P
TN, 138 T R GE 45 R, X L PRIE R 7T
NFET AS-OCT BN HEh A B> R TARRAE 1l
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i H AR G N A

IR . Zhang %6 N RGP & KB AR AS-
OCT EUE T SEIAZ M 1 P B ™ SR 52 4 28, HL 3 SR
HER SR BEIE 5] 60%!'Y. TR PSS N SE T fotRIR R X
M AS-OCT BEIHZ LT 18 MR R FHE, IFHIH
5 AN MHLES 7 ) VRT3 2K, BT IR 3 R UER
A H) 75.53%!,

HOREOG IR EHG AR EL, AS-OCT EHZ AT LA 2 1y
8% 31 Je o X 3, {H H A R A 3T AS-OCT Bk
AT B2 It N B B 30 0 FIAH SR 7. ik, AR SCE IR
feth 7 —/ME AS-OCT MG T 1 B 3 B 5 14 1 A e =
HARE P AELE, MR TRAL B R ARSI, R AR 7
TR0 R TR B 2 2 4 AN IR AR TR TIAL B A
AR FH R X8 25 B 5 0F b B 14 5 07 V5 3 s AN [)
HREE R M ANBER AS-OCT BG 1 Z 7M. R )5
S RFAESE IR 4y, A SCR K FE L AEHE BE (grey level
co-occurrence matrix, GLCM). K J& [X 35 K /N 5E i
(grey level size zone matrix, GLSZM) F14[ 3k /K F& 7 4
F% (neighborhood gray tone difference matrix, NGTDM)
JIESEEL T 22 MR, SRR R RHE IR 1 43, AL
K FH T R 7R 2 AH 58 R BT VR AT R A1 B A o AT I O
IERHIE. B e A SCRA T 26t 3 FERIE ML (linear support
vector machine, linear-SVM) 7E 575 i FR4FE b 3E47 1z J
PEE N H 350 2K, £ —MImK AS-OCT s 4E b1
I3 REE IR, AR 70 RHEZREUAT T 86.04% 1]
HER AN 86.18% I H 013, 5 S it IR L 27 21 T i)
Iy RIERERE.

2 AS-OCT HE&ENH

AT AS-OCT 4 5ok B At 3 = F %
B, FodE KA & & H A Tomey A ] ) CASIA2 HR
FT OCT X 8. Z AR 355 M2 ikE CRIFER
61.30 %), K HT 195 A A B 160 A IEF A,
Forb e BRANAS BR 8 8 4y il R 251 AT 228. AS-OCT
Bt I 360 B 7 ASRECE 1, AN 2K
HMAFEAERET 16 KB, BT IR T, A
TEAG 2256 (U HRRE S 26 135 Bh Rk T AN & 2R 11 B
B, 4421 3 726 7K AT ) AS-OCT E14.

T %A 5T AS-OCT EIHME M B A R 7 2 bR .
A 32 #R AR 4 T IR EOG IR MR AT AS-OCT ElA,
AS-OCT EHZ Bz 51 1 A B s i 2 i i R EO6 VR
GG RN, Forh, 3 400 3 5 (0 HR RS A= 44 18

J A A P B ) B R A B2 AR I SR BOG TR BB
BEATARIE, PRAE T A SCHOE B bRic i .

AS-OCT EZRESRHUBAN AT 145 1, Horp HA B
JR XI5 B i AR K. FE IR R 2 W, BRABHER A
B T R X AR S R B A R g ),
PRI, AR SR 3R B 52 X Ak J et AN 25 RSB B2
ot DX SRR HORT b B Jo DX SR B, A 1 . A B IX
SR IUL B rh, AR SO SR VR 43 B 46 U-Net!'
75 2B Bt X3 R J A S o A A A I R 3 A%
P DX 4k 0T, 4 38 b B [X 4k

TR
7% s
B

BT X0
2310 I o4 ST = e

AS-OCT E1% B X 5k

S22 3CHR [10] T EOE 4R R 43 J7 3, AR SR AS-
OCT EUMZ LAHRHE 57 73 I ZR B Al 48, PRAE T
(7] — 3 AR5 110 PR AR 5 A 2 ] B A 4 811 SR B AT 3K
£, R 1 BT AU ZRE AT AR (A 5] B o 14 1 P s
e HFEE ) AS-OCT G A, TEIIZRSE , IEF . &
JEE R 5 P R B R R S5 1 A R TR AS-OCT A
3R 590 Gk 1219 5KF1 964 5. 7EMIREEH, 1EH .
PR R 5 1PN e R R E R Jo 1t 1 N B ) AS-OCT
EIUE o A 284 7K. 313 Gk Al 356 ik

R B A k"™ SR R R A

Bl IEH B HE
YIZhsE 590 1219 964
A 284 313 356

Bt 874 1532 1320

3 HBhE R HAESR

BTl 2 T, A SCHR I 1 3 B Y £ P 43 2
HEZRTT 530 4 A5 BUR T EE . HHIEAREL . HHAE
iS5 I o 1 P i 2K

(s | s | s —{ 9% |

K2 2T AS-OCT EI& I A 3 BBk 1 P 7 JRAE SR

3



it E RGN

http://www.c-s-a.org.cn

3.1 EfgmE
EIESZ A ) AS-OCT BEH, T2 #HHt
L AN B AR R BRI, Jo X35 ) v 8] 3 20 E I e SOt
X3, AT BOAN [ 7™ SRR ) B s 1 A B PR 2
[F1) 0y PAYBIRL 22 S VR /DN Dl T i v BB P 1 A B ) 4 36
ROR, AR SR SO X302 B 500k b 388 9 9 i 07 vk
X R X3 ) AS-OCT UG REAT FLAL #EM T, ALk kb 2
BRRUNE : ASCE B R KN 1963105 1 Hh[a] v
FOGIX I8 2 B, KR i A bR s 5 A b RSk AT
P, N T BE— B BRAR SO0 X 00 73 2R 45 SR B 52 i, AT
KM (1) X EHGR P MR R B pixelli, jTIEAT ALPE, 15
AR RN LU :
pixelli, j] « pixelli, j1x1.5+30 (D

Bl 3 AN Im] P R R B 5T 1 N R ) AS-OCT &
TR B /T S5 (0 485 Xt L o i, T DUE 21, RE I kb
P DR A 7 5 DX 3 495 B X 35k 1) SO I AN B B
(B 3 2, 52 R mIR K. 40 [t X 4k 2
e 0K B B2 38 5 s, S [R] 7 B AR B R O 4 1 P R
bR 7 S P B R A, RRE R P A B 0 4 R
X e H B (1 3 A ). A SCK & AE T S BAR B IR
AS-OCT EHE AL 21 AT J5 16 52 R 1 N B 4 R 45 2R,
DASSUE BT 42 H 1 PG 5 0 v (1 R

SOBIX Ik XFEEE

bR e B o 12 X 4 e Wam)E ER

L5y

&

K3  AS-OCT EUEHIFAL 3 A J X Eb

3.2 FHEHEER

B R T M P B AR KB T, AS-OCT
800 16 2% R 3 IX 3 T AR 08 o, B A B B B R
FSAE. R, 22 SCHik [18-201, A SCR K R 3L A 40
Bl DX 5 K /N R I R 408 358 K P 225 R B g v B T
AS-OCT BEUE M R BT X 2 X 1 22 AN SO AFAE.
321 ZRPEFAFRRE RHE

I F A R P 5 FH T 41 38 K RS ) 2% (R A DR AR 1,

2 W T AT S B A 2 A A A A, e T DU —
AN KINN, X N HIHE FE R IR . N AR 1% EUR 18 KK
THRIREL, AR SGERIEN, = 16, K BE LA M PN B B
NHRE, ASCHETEHRIT 6 AN WIS RRE: 68
BOR. FURTE. MISRME. MR P, X L
FERR A LR iR A Rk

(1) BB (energy): Al H THi1& AS-OCT EUZ ML
THRH AR 2 DL SR By AT F S R

Ng Ng

energy = Z Z (P(i, ))? (2

i=1 j=1
Hor, P(i, j) b [0 ¢ B L AR P
(2) 5 (entropy): HR SR ToFFEEE. AR ER K,
Ui AS-OCT B I IK 53 A 5 A%
Ng Ng

entropy = — Z Z P(i, Plog, [P(i, j)] (3)

i=1 j=1
3) A M (homogenelty) Elipuyaes apslbEsE
homogeneity = Z Z P(i,’ j), @)

paygy L+l]i—jl

(4) =M (correlation): HiR IR EILAEFEME L&
TEATERAN J7 1) b B AR AR BE, mT s e RIS ) J 3 A 5%
P, AE RO, AH IR

Ng Ng
DD PG, )=ty

) i=1 j=1

correlation = %)
O'XO'y
Ng Ng Ng Ng
Hor, pe= ZZLP(I Ds by= ZZJP(I Dy ox= ZZ
i=1 j=1 i=1 j=1 i=1 j=1
Né’ Ng

PG, i - ), 0y = ZZP(" Mi-
(5) HH 1% (dlSSlmllarlty) ik éﬁ}iﬁ’]/glﬂ‘ﬁﬁfh
Ng Ng

dissimilarity = Z Zli = JIP@, J) (6)

=1 j=1
(6) Wi Z£HH (inverse difference moment, IDM): ffiik
SO P UNFR BE, B B U8 Jmy A Ak

N, N,
S PG
IDM:E § P (7)

3.2.2  ZRPE X IR /INHE R R R
TR X 35k R /N R s il T P4 EL A R TR K 25 2
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i H AR G N A

BRI AR, RN ASCHE T ) EE T,
Hia—MERAEA 8 MHWBE R, IHEH pG, HIEE
G EAE Jyi s FEB X IR j T AR, AT
IR JEE X INFERE S AER T 11 AMRFAE:
(1) /MX 3w (small zone emphasis, SZE): fifii&
T SUHE A AR, BB R U3 /N X R 2, MR
SO RS 4

N
szE=Y % @®)
=
S, NARFREI K TR, p R
Ng
WAL T AR, AR Ap: = ) pl.j).
(2) KKl (large zone emphasis, LZE): $iiik
T SO RS R, S KB KK 8%, R
QLR RLRS:

N
LZE= ) Fp: 9)
=
(3) X3k F 7 Lt (zone percentage, ZP): 3% [X 344
FoE GG eE R B E R
N;

ZP= N_,, (10)
Né' N
Ho, N XD Y pli, ) N R

i=1 j=1

BRI E.

(4) TR P X 3w -1 (low grey level zone emphasis,
LGZE): #iik 1 EIMRAR A B2 X S A B8 b o5 1 B A
LA 1 10 A B2 X el A B 1 L A5 B /)

Ng
LGzE=y %% (11
e |

o, p J I X

N:
DG ).
- (5) K X 3 4P (high grey level zone emphasis,
HGZE): ik 1 BRI i 2K DXIAE B o 1 b,
AL v 5 P v R DX A A b ) L A7) B K

Ng

HGZE = Z p, (12)
i=1

(6) /IR IR FE A 47 PE (small zone low grey

S K P AE i B T AR B pg =

level emphasis, SZLGE): il T8 BEAE 1 /)N AR X 45

TE G A BT & B B A7)
SZLGE = ZZ p(’ ]) (13)
i=1 j=1
(7) /NI AR 5 2K FE A B P (small zone high grey

level emphasis, SZHGE): 8 T &1 K BEAH 1) /N AR X
e GLSZM EUZ Hh i o5 1 e 451

SZHGE = ZZ p(’ J)’ (14)

i=1 j=1

(8) KT B AR B2 2 A 47 P£ (large zone low grey
level emphasis, LZLGE): il 1A FE AR 1 K THI AR [X 43
FEBG BT & el

LZLGE = ZZ Pl J)J (15)

i=1 j=1
(9) K TH AR 5 K P 2 Al i 1% (large zone high grey

level emphasis, LZHGE): i 1 =1 2% FEAE I K T FLIX
SAE FE R B o R A

Ng N;
LZHGE = )" 3" p(i, j)j** (16)
=1 j=1
(10) K J5 % (grey level variance, GLV): #i& T
IR PE SR L XA T %

Ng N,

GLV =) > (i

i=1 j=1
N}Z N;
Horh, u KBRS ipli. ).
i=1 j=1

(11) X4 K/NJT % (zone-size variance, ZSV): fifiik
T AR R INAS R XS AT K B T 22

ug p(l b)) (17)

Ng Nz
Z8V'= )" > (=)’ pli, ) (18)
i=1 j=1
Forb, e 9 T ALK N AR X380 K 1 3 e =

Ng N

D iptis)).

i=1 j=1
323 AR 2 AT

IS 2 I 32 P 5 A AR
M BT REL . S F )2 PR DR S5 0 ity 1
%5 B 1R 2 IR M 10 SR 3 R 1,
Horps) Tt =t (19) FRik:
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(19)

{ Zn Ail, n; >0
s(i) =

n; <0
b, AR ZAR A R MK .
ASCARELT 54 NGTDM K 4e i SU AL :
(1) HHERE (coarseness): i 145 25 5 40 35k 7] 1
TR

N -1
coarseness = {s+ Zp(i)s(i)} (20)

n=1

Horp, NAREREME i m R FESE 2], 6215 1L coarseness
To55 K — M MA.

(2) XL (contrast, cf): o B4 58 A8 (L FNHE A4
IR FE G I Zh 75T

| Ng Ny Ng
ctz(Np(l—_)ZZP(l)P(])(l b ][ Zs(l')]

i=1 j=1 i=1
(21)
Hor, Npﬁ?%@%ﬁfj FE SR B p() RIS
TN p(i) = N’ nARERIKEAE N | KR E=; N &
FHEN =) .
(3) B4 % (busyness): Ron— MG R EIG &=
12240 (p(i) 20, p(j) #0):

Ng
> p(i)sti)

i=1
busyness = NN, (22)

2 ip@ - jp(i)l

i=1 j=1
(4) B4 (complexity, cp): 7~ NGTDM % %
BRI S FERIREEARAL (p(i) £ 0, p(j) #0):

Ny Ng

p@)s@) + p(j)s())
- 23
P ;;' T Nw@+pG) N(p(D)+p()) @)

(5) 5P (strength): FlT-$518 UG K B 58 B 14 A8 40
HEREEE (p(i) # 0, p(j) #0):

Ng
ZZ[P(D"‘P(])](! j»

i=1 1
strength = i (24)

e+ i s(i)
n=1

3.3 4FETHIE
AR T B IR Bk O R BOUTEPY SRR 5

B 5N 5 4 ) 2 TB)AH S 1 3R AT R A 07k, 8] B 0 BT
REAIE 2 18] () AR AL 3o 8 TU AR RRAE. 37 B2 7R 24 o0 R 3L
Jrikaiid = (25) 153:

6Zd2
n(n2 1)
Hor, d; FoR 5 | IMREA SR EL R A R 2
72, n NINGFEAR S
34 ERMBAES S

SZEEIMEANL (support vector machine, SVM) J& —
2 M PIHLAS 2 ) J7iE, B O e )iz R 2 = 2
BAab B A, 5 HARNLER 2 ) B 3 REVEA L, SVM
HAWGREETR . AT EREAT SRS 1 2R 55 R i A
SCR R ME SRR EML (linear-SVM) H 3 T 57 51 P
E A BE SRR R, HLRIE N T

p= (25)

900 =" wix; +wo (26)

i=1
Hot, x = (e, ) HUNERRFAE, w = (Wi, wa,--- W)
NRE YT T ) T R, wy ARGE T Y- 5 R
s 1) B S P57 78 T

4 SRR 550
4.1 TFNFRE

AR FUERZ (accuracy, ACC) 7% A ]2 (macro
recall, Re). 7 (macro precision, PR) f1%% F1 &
Fr (macro F1 measure, F1) 4 /NMPEANFEAR KA 75121
SR ERE. W 2 2 P I M B SR0VE T TE 1 () R AR 3L
B b SRR A S B A A 8] 26 o S50 TN T 114 1F 41
FEAS (1) LA A it 26 2 B33 T g 1481 ) A AR w2 B
IEBIILL; F1 AR bR 2R 5 2 A0 A [l 22 1R A A
BE o g N P P = A< s RN W 7

! TP, +TN;

TP +FP;+TN;+FN;

ACC = ; (27)
[
Z; TP+ FP
PR= = — (28)
1
Zl TP; +FN
Re= 2= (29)

L
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i H AR G N A

Fl= 2PR X Re
PR+ Re

HA, TP TNy FPiv FNAPHUREIG (1= 1,2,---,])
I BBHYE (true positive). FLPBHME: (true negative), i FH
% (false positive) FIE [ PE (false negative).
42 ZHIMFRE

AR OpenCV EE AL EE LA scikit-learn L7
52053 A S DURFAE SR RS 2% 21 Tk N T RE A
SCHTHR H T R A RO, AR SO R S B i S AR 4
W 2545571 (convolutional neural network, CNN) 1 A%}
Eb J732:: GraNet!'”), ResNet™!. SENet'”! f Efficient-
Net*". fii5 CNN A& HF PyTorch HEAE ST, 4
NI TR B ) AS-OCT E& K/ 224x224; 1Ak
PRIEBENLER B N PRI AL 2% (stochastic gradient descent,
SGD) IR FHERA B E. A SCHIIZRJE I (epochs) FlHlL
K/ (batch size) 73l BEE 2 100 A1 16; HIA64L5: >
# (learning rate) Jy 0.02 J 5K F A 5K IR K 4 2 5] 3¢
FEWg. FTAH CNN REAYHR F BRIA T4 40 J5 2471
S, SEBG B A BRI 43R 58 3 73 9 Ubuntu #:4F 3
4t 1 1 5K Nvidia Titan GPU (10 GB).
43 KWHERSHH
43.1 AFEEEBAEE IR SRR T

4 9 AS-OCT EURAEAN A TRAL T 1 53 2K HERf
0 L, A g R BSOS R 22 ANREAE.
9T I UE B B AR P AL B TR ) B R, RS T
5AVE WEIPLES 25 > Bk 2R M FFIn &1, AdaBoost
(AB), F AR 45 S 57k (K-nearest neighbors, KNN), &
MBI (decision tree classifier, DT) FIFEHLAR ARGk
(random forest, RF). Hrb, 5., B0, KEMEE5
MARER AT AL AN 2B RO X s AT
Xof B B2 38 5 DA R 25 6 SO XA X B B2 38 i P v 7 3
iarRE IR

Kl 4 SEER AT 45 SR o B el L, BT SOt X Bt
LR 3G SRV A JTVALE AS-OCT BURHUS T feliy 4y 2K 4G
B, H AR H) AS-OCT BG#EE T 37.13%; 54
M) S S DX 455 25 B FROGS LU 55 388 560 7 VAR LG, TR 51
SRR T 19.43% F1 28.01%. SL46 45 FABIGAE T Fr
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