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B, A2 A AR R A BRBICHEAT DL AL SR AR, [R] I SRAS AR AL A AR IR 4E B J R g, AT SRAR ARZE 4R
Mt SEMNAREA A IRAE S 2, HE ) K- 348 e &l (Support victor machine, SVM) 4&7p 2R 88X AT /0 28, =iy
PRI R B B SIS R TR AE A S S W AT
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Generalized Manifold Learning for High Resolution

Remote Sensing Image Object Classification

GUO Ya-Ning! LIN Wei? PAN Quan' ZHAO Chun-Hui'! HU Jin-Wen! MA Juan-Juan®

Abstract It is not adequate to use classical manifold learning techniques to reduce the dimension of covariance descrip-
tors lied on Riemannian manifold. A generalized manifold learning method named Log-Euclidean Riemannian kernel-based
adaptive semi-supervised orthogonal locality preserving projection (LRK-ASOLPP) is proposed, and successfully applied
to the high resolution remote sensing image classification issue. Firstly, geometric features of each pixel in the image are
extracted, and covariance descriptor of each image is calculated. Secondly, the covariance descriptors are mapped into
the reproducing kernel Hilbert space by using the Log-Euclidean Riemann kernel. Thirdly, the model of semi-supervised
orthogonal locality preserving projection algorithm on Riemannian manifold is constructed based on manifold learning
theory. Fourthly, by using the alternating iteration optimization algorithm to solve the objective function, the similarity
weight matrix and low dimensional projection matrix are obtained simultaneously. Finally, low dimensional projections
of test samples are computed by using the low dimensional projection matrix, and then classifiers such as K-NN, support
victor machine (SVM), etc. are used to classify them. Experiment results on three high-resolution satellite images datasets
demonstrate the feasibility and effectiveness of the proposed algorithm.
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SCN AR AR, KEELE - 5 58
IR ah AR, 155 PR B G B e AE T ok 5 ZU
o o i B AT B, AR T — R AIME B AL S AR
ST ), 5515 25 18] 3 3 0 2 5 0 A TG i
Bt — R

QAT 5 4 3% 256 08 SR S A5 I A T bRk o f
P H Al R R ) — A XER. H AR 2R 5 R
17 HEE AR R K R R 2 —. H L, P
RIBEGES H AR 2L R 1) Hix
SRR BN B K E SR EE, 2) B50k
TSR AE R GE T ] PR, 2608005 2200 oDy, 2605
ZER, Y. R RIS A
I, 55 T IR A PR B AR R (40 5 B Ry
i SCHFHIESE) RO MR A A T 55
HERIEE .

E2, QAR G ) A F B AT 4 2R B
FAERIRATEARYE T2 18 B — A0, WIE W] DA
b T A A SR DASZ A B P 2 T LT 25 A R AR Y
TIEE > R floh ik R A REE. Ak, B
2SR AT AR e k258
W5 20 0 AR IO gy s
AR BRI 2 0, KeshaS Hbras gl | BEeg
g o s A Y S L AT N T
B HE .

TIE 2 AN [F) 4E 55T Y il e A il i S5 L AR 5
PR, T 2% 3 A JoT 2 e S 4 P R S5 i 4
B B0 BN AE 25 1), PR BB N 25 25 M e Ak, S5
B4 %5 29 f7 8 8% T A4k, Tenenbaum 25015 Al
Roweis 2160 ¥ e 7e {ERIHE 42 T % FE R 45 1 J L AT
ZERE A BT IR, HE 2000 4F ) Science Z:75 b4y Bl
Hh 2 R A Ry JUART 45 44 1) R D0 M R 2 i B (Isometric
mapping, Isomap) F175 & 558 ) LA 2548 1) Jey i e ke
fm A (Locally linear embedding, LLE). Isomap /I
LLE J7 &3 W] DAY SRAE B T e (R AR ZE T2 e
fk4E¥=518]. 3% Isomap Ml LLE J5 %, &I PE4E
BN TR IETHI. B R 7 F A
PR AE M (Laplacian eigenmap, LE)M
Ja Y23 1A HES (Local tangent space alignment,
LTSA)S | gk )y 2 @I (Maximum variance un-
folding, MVD)!* | MLUIER Lk Mk A (Hessian lo-
cally linear embedding, HLLE)!2% 153 A5 b54E51)
(Local coordinates alignment, LCA )2 2&,

B _EAR B 805 R 2 Ak gebk iy, BRIk
A ARGk R, Jovk B A 3050 R 80K H
R AR SRR A IR AR 52, 17 75 205 I A 25
FEAERIGEY, BEREPHET—K, ST
W3 T ZHI B A EE 3, SORFRE S K g B ) R
S, FESCPRN IR TG ik, He 222 7

th LE B S: J/i iy (Locality pre-
serving projection, LPP); Kokiopoulou 423 #i
He %024 $ 07 LLE RyZPEL B 1E A48 {4
¥ (Orthogonal neighborhood preserving pro-
jection, ONPP) FI4 3 £4f 5 fix A (Neighborhood
preserving embedding, NPE).

BRI EAR S R e T BT R A I A, (H
PPFEAEA TR SR 1) ¥ Jo i B ae 3] ik, BN
MR MG R, AT 2R 5T 2) 827
WL ERAGHE R R B T s A ik 1) AL ROR i B 4 55
5, ABSER B b R o 4 4 T 7 RR FRAS [R] Y
FIANXTFRIE % (Symmetric positive define, SPD)
FRRE, Hr i i a2 R, SR nIE. 1
H— A SPD AEE, W 2R TG T EIB
ZRPRFAE, Xt E AR/ TEARFDE AR b 4 A 5%
e, AR R N T H AR R B L A
PO AT AR RS S . RN ny X ng
I ZE R8T AT MR AL B, 28 MR 2 o) Sk
T E R S AL (n1 X ng) x 1 A&, AR5
I BR G BE B AT AR ALY B . (H ) AL R R
2 WEE IR A5 AE AR AL, B2 SR B N 25 ) LA
ghHe. TR, A PGB 2 B B R 2 i B A ] 1Y
FHABUE 2 2 ER R AR ) 25 [A) 3 A A5 R HeAh, 9%k
LT R E I, RFIEE “AERCRME” TR A
JE. I, M GERR IRHESE T i B2 > S RN RE A AL
MTRERIE.

R, AXE AR SRS S E
P& — Ml )T B E 4 S SRk, BPEE T Log-
BEuclidean %2 S A% 1) B 3 N 2 1B 1 22 5 S AR e 4%
% (Log-Euclidean Riemannian kernel-based adap-
tive semi-supervised orthogonal locality preserv-
ing projection, LRK-ASOLPP) &y, H-¥H W
T w0 PER IR G  H AR 5. % 2 4t
F O PEREIEGEAR B R KPR, BRAEITE, B
T T A 2 B Y 2 2 5 R B SE. AT DA
AR IR IIE 5 2] FEk ONPP AR IR 23 8] 4
JUEIRRERIE b SR MPTIES S B I, AL
$2 i1 LRK-ASOLPP SyAAE48 & LPP It sy 7]
W, BRI 1) SRR L S n i e
S35 LPP ) 3IR & b, Jofxtth iy 254t
AT A AR, AR A ARG ) i, TR
AR BRI 2 LT S5 R 1) [R] B, /b 7
FRAEAE A 2) FEA bR R, @ g o2
Log-Euclidean 2 & 4%, vt Git% 5 ¥k AR A%
SRR R 3) 2R ML) TR A o) R TR R AR T
ik 23 [) rpooply I AR &1, AR ST HR 3 7 38035 0 7240 )
FH B R A AE AR e 25 1] vp 23 18] 4311 S5 AR AR R e T
K5, TEARYEARF AL 2 (8] v Ay 8 i 48 1 R Ak 11 4
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PEFFAE AT P 2 J LA 454, il ad <R AU A Sk
PEAT SR AR, (] IR ER AR (A PSR e 5 AT 4R 35 52 AL,
PASLSE s SRAERE.

ACNAGHIT: 55 1 A s SR 7
ZERR T 5 2 WRTRESFHISH I TR 2R
& Sym; L1 Log-Euclidean B2 %115 3; 4 3
T H A A > A 7 B ) LRK-ASOLPP 4
s 5 4 R PERIE RS R H AR K S R 4
R BRJEBEE

1 WhAEERTF

Tuzel %P7 ¥ S5 I 7 22 50 06 1 el %
DR AR A A 1, Bl 45 € K Z B RGB |58 I €
]_:{W><H7 TEF [f( )] RW><H><d j\j&—”%[ E/J
FHIESKE, f(2,y) = ¢([,2,y) € R RIRBEM
(z,y) AEHYFFAEI R, BREL ¢ (1, 2, y:) = fi WA
IRPEAE B — BRI By UK. TR ) 2250 B
AL BT i) LA DB i B 45 PR RS AEAS ., (24, )
%‘zﬁﬁﬁ EMERANAE. fERBXKE R CF, g
{fitil, FoRIKIE R AR R AL d A5 1
A, X R 1 d x d 4y 258004

xo ! ZN:(fi—ﬂ(fi—ﬂT )

N-1
=1
sob, f= 45,
RERK
2%

it Symy = {X|X € R™, X = X7, uXu”
> 0, Vu.€ R}, Bl d x d WHFRIE MM (FlindE2
SEHT RV SREIILAGZETE, I Sym] & AT
IR, W VX € Symy, ¥ X fAbY)a
B4 Tx, W Tx — Symj FAFEEILS expy 5
Sym — Tx Lrxtmst Ing 43514

(\]

Sym} LB Log-Euclidean %2

expy (Y) :X% exp(XféYXfi)X% (2)
Iny (V) = X2 In(X 2V X" 2)X2 3)
Hrpr, exp(-), In(-) 4330 R Fa E0UE T FIXTEE:

T X VX € Symy, i¥EARAES# (SVD), X 1]
Yoorfh X = URUT, Ho B = diag{\i, Ao, -+,
Adts Niy @ =1,2,- -+ d AFALME, U A4S AL fELT X
JS7 AR AL ) 2 P FSC A . )

©  xk
exp (X Zk——UeXp (2)Ut (4)
k=

* i 45 %

=D T
=> N=Uln(X)U" (5)

k=0
Hr,
exp (¥) =

diag {exp (A1), exp (A2), -+ ;exp (Aa)} (6)
In(X) =diag{In (A;),In (X)), -, In(\y)} (7)
EX SymT SEPEEME X, 5 X; ZEK

Log-Euclidean JljHu i #52%:
dg (X3, X)) = [In(X3) = (X)), (8)

Hdr |- ||F = <', ) HRER Frobenius y%K.
W Sym Ef Log-Euclidean ¢

ki (X, X)) = tr[ln (X)) x In (X)) (9)

L (5), (7), (9) Al%l, Log-Euclidean %2 & 4%
Tet% S8, B3 A T A SO0 IE kR, 3
T AR T AT AR

EI2 1. Log-Euclidean 2224 /& Mercer £
.

1ERH.

1) ki SERFR: b (X5, X5) = ki (X5, X)

By

In(X;) =In(X;)", In(X;)=1In(X;)"
VA, B € RVN t1[A- B] = t[B - A], #%

tr[ln(X;) x In(X;)] =

trfln (X;)" x In(X;)] =
trfln(X;) x In (X;)"] =
tr[In(X;) x In(X;)] (10)
2) ki IERE: X VX, Xs, oo, Xy € Symy,
Vbl, bg,"‘ ,bN ER
Z bibjkin (X, X;) =
betrln ) x In(X;)] =
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2

>0 (11)

N
D bin(X

F
U
I, AR SCAERALR R ] Log-Euclidean
RGN, VAVEIRAE G TT IR AP ATAERL S R0 g

3 LRK-ASOLPP &%

YRR 1) RIS AR R AL LT
CEMERE, TR R BEHMER T ZH/R T 2) RA
Log-Euclidean £ S 4%t 7 Z= A 715 2 154
#% Hilbert 25[0]; 3) TR HIE, B VR
B b2 WB I A2 Ry AR R 52 VA AR A, R A28
BT B A B A R BT A SR R, SR AL
PR R R £ 52 A0 R 4) R I sRAS IR IR 4 ¢

ST AR A ARG
3.1 %;‘Hﬁiﬂiiiﬁ'—ﬁw&iﬁﬁ
TFHIEA X = {Xl,XQ,-n ,XN} c M, M

%%@éxmbﬂ%, X, € R, (X}, HERELE,
(X}, WSS Y = {Yi,Ys, -, Yy} C
M R X BRGER R, M R ARYERe a5, N R
YGRS
3.1.1 RAEEST

ESCAELRPEMLY ¢« M — F, AR 20

&M ERREEA S X 802 8 #H4 4 Hilbert 4518
F:

X;— ¢(
ESURAGERSEHIE V - F — RY, flif5
(X)) =Y, =V (X,),

1) FyHH P E AU
LEARAEZ ), R b 340 TR AR A 4
fEY; ) k MRATARI, J0ME NP(Y;) = (YL, Y2,
Vi), i NpP(Y) = {Y7)I(Y]) # 1Y), 1 < j
< kY S N©UY) R Y, AR, RSO
FUGHE WP = (wfP).

(v, 1) =1(Y,
TehrZs, HAtEAYs € N*PY(Y;),
(V) = 1(Y3)

X)), i=1,2---,N (12)

i=1,2,---,N (13)

3)BLYi € N (V) fiH54%, Y
Y AhR4E,

apt __ 5’

B Y, Y; JohRsE, HYi € N*° (V)

B Y; € N* (V)
¢, Yie NP (Y;)H Y; € N (Vi)

0, Hfth

(14)

2) MRS
VAR

TE L2 B IR SR AR R S 5

mmfZHY Y| Pwi?t

3,j=1
st. Vv=I (15)
HITX VYV € F #4 V € span{g(X,), #(X2),
o, (X))}, BRI S
V=0¢(X)a (16)

o (X)) BEHV L K
Yi = a9 (X)o (X5) (17)
TSR K = (Ky) s Fo

Kij = K (X3, X;) = (¢(Xi),0(X;))  (18)

ic
K(X1,X1) K(X1,X2) - K(X1,Xn)
K K(X2,X1) K(X2,X2) -+ K(X2,Xn)
K(X;V,Xl) K(X];T,XQ) K(XN.,XN)
(K17K27"' 7KN) (19>
52 (16), (18) F0 (19) LA (17), 15
Y; =a'K; (20)
WU EH
1 X
3 Y = Ylfwit = tr (o "KLK ) (21)
ij=1
BRI (15) BYsR MRS T oK i
min tr (aTKLaptKTa)
st. a'Ka=1 (22)
Hodr, Lart 2 Laplacian 4i[%, D = diag {alapt 2
r%ﬁ@ [,2Pt — Dapt _ Wapt dapt — Z wclpt

H Rayleittz-Riz & B A] %, LL@WQI@ R
RSN TR AR ) SRR 1) it

KL*™'K"a = AKa (23)

sa) RIHET 7 A4~ (B 0 Z41)
s A XoF R RS AL i)

;H\:EPa a = (051,012, e
B/ MEFEH Ar, Ao, - -
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3.1.2 kg

HBCHLRE Wt gl i 73k mI A, Lo i o B
5E, M (23) WA o i L0 geiE, Ak i
(22) WA B NI, A SO 28 AL 5
EAS AT SRR 5L, HE o7, SR L (of ),
SRIGHI L (o 71) 3R of, IRIRTEFRIEA, 13515
s SV i3

W S

AL (23) AZIE A0 N AL )

KL™ (o) K" = XK/ (24)

B, mx (20), VA RRLESE N

Y =a'K (25)
HFaeRY Ke RVN Y e RN, |
TB?’??%T”@?E’J%Q’ET& U BR RS A r x 1 4E )
CHERRIHD, YRSt = 1 i}, LRK-ASOLPP
%;%ETWEJ?W%E S [ HAs @ (I 4R I, IS
it LRK-SOLPP.

3.2 BEEmASHEERESN

3.2.1 HXEiEiR

3T Log-Euclidean 2 2 4% 1y [ 18 W 2F B IE
LR (LRK-ASOLPP) Sk an T

H;% 1. LRK-ASOLPP &%

WA X = {X1,Xs, -, XN} C M, X; € R,
(XYoo WEWESE, (X BIARSE, N NIZgREAR
) Ak /1%51 FS%?EFE’JQMM RBERRET.

ift'j Oé—(O(l a2, ) r, Y = (Yl YQ,--- ,YN).

1. *Eﬁﬁﬁéﬁﬂxél‘ﬂ *%ﬁfﬁﬂ@%ﬁ%ﬁﬁ% LY

2. L' = D' — WPt Hot WP 15k (14) R
3. Dapt = diag{dii}

4. d“ = Zj Wij

5. T ao

6. X=X (23) FEAT) SURFIE 5> iRt

7. BT o

8 fort«—1,2,--- T do

9. ARG ooy IHARIERUERE W (0-1)

10. B W (o) THEARPEAUERE L (ar-1)
1. st (23) 715

12. end

13. Return a = af, r, Y =
322 HEERMES

PRI A e SR Lo B
SUBFIE(. B Lo BTS2 O (kN?), k 2
AR N RREARG T AL (23)
HORFIEIA 26N O((N +r)N2). UL, 5k kit
FRHASZEHER O((N + r)N?).

(Y17Y27"' aYN)

3.3 HEMEAERA
XEFIAREA SO AS X, HARLEBLE

=V (x;) ="K, (26)

Hr,
Kt = (K(Xl,Xt),K(XQ,Xt), AR

4 SWHE

J e IE LRK-ASOLPP & ¥ 1A &k, A 3C
1 A PR 8 BB PR 42 UCMerced LandUse
Dataset?”), WHU-RS Dataset!®*! } Quick bird
Dataset 15 Jy S5 Kk, M S BOx E K& H s
IRHERFAE AT ACAN 7 ZERE E = A5 T Bk rg b
T8, H5ET Log-Euclidean & #r4% J PR £

#35 (Log-Euclidean Gaussian kernel-based local-
ity preserving projection, KLPP) &£ 1 LRK-
SOLPP BEFATXT .

4.1 BIEE

1) UCMerced LandUse Dataset FL8 21 2%
Hi), B 100 SKORNEEF ] HoR L DG HRAAEE
IEERIET, K/NK 256 185K x 256 RERMEH.

2) WHU-RS Dataset & 19 2y, 424
55 SKONIEIRS ] A YEREFNFASE M B A& T,
KA 600 112 x 600 BEIIEE.

3) Quick bird Dataset & 17 254, £
B 80 FKNIEIEF ] . A . YEHFIFAER A AT,
KN 400 185 x 400 BERMEL.

SeEeH, A EERE D, TR RGBT
ok 5 AT, B ICE FEVLIEE: 3 T4
YERINGREA, Ha 2 DNFERERNINSFEA, K&
BIRNG—JHE Ny 64 12 FR x 64 BE, HFXNBER
A — b, HRk, itEE KRG NG R
W (z,y) ALBERER R f(2,y) = (2,9, Hr(z,y),
He(z,y), HB(:E y))T, Hor Hy(z,y) = (h(z,y),
|awvay | h| | ’) hG{RaGaB} %‘%%@1%}3@#
AN A, ﬁ*ﬁﬁf (1) Sy ZHERE X, X
1T X 17 PIRRIEE H R 285, 7 5IFH KLPP,
LRK-SOLPP #1 LRK-ASOLPP & ¥ H ¥ 5 3|
{RHERR G 25 18]; 52 )5, Al K-NN, K-means, SVM,
BP-ANN %543 88 3- 0750 25, U9 & Uik
V5, LR 10 IR, B 2R FE I A A Bk
RERIPEO FEH5.

42 BEGERHERMES

AR LRK-ASOLPP S8 RIS
7, & ¢k PARCARREINGHAR ML U, o, ,
C 73 2R Al FAEAS SR AR, '5ZIETJEI’J?FHUT

K (Xn, X0)"
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B, & FRon kAU AR s 2 BN & 1 5 2 [B] 1)
B, 2, Iy = —C =8, =1; B&%, A5
BEREARNEOR 2, 7 JORE BE B, AR SCSE s Y
Bl = 3; EBEASEE MERERE N k= {1,2,
sy U= 1%, Hof TR GRREAR AN B, SRR
LRK-SOLPP, KLPP & LRK-ASOLPP X ir4p
SE k IR, YEF SVM R ar2se. ik
FEEERE k py2sfb 2 anid 1 fs.

WL AP, e =R b, 2 k> 12 B, A
) LRK-ASOLPP Bk Tase, HY4 k &
FIHL 12, 10, 14 B}, 40 ZOK5 BE e, 435108 0.9428,
0.9645, 0.9487.

4.3 REFFHEATIRML

PA WHU-RS Dataset M. & %ch WHU-RS
Dataset H{L1% 4 KW, VLG, BRL. W
QeI LKA B, SR 5 TSRS B R SRR AE )
f(xay) = <$7y7HR<x7y)7HG(xay)7 H3<x7y))T7 ;H\:
H, f(x,y) = (x7yv HR(x7y)a HG(xayz)a HBz(xay»Ta
S, H () = (h(r, ), | 22, 22, |25 | 22 ) €
{R,G, B} ForEgm—AiE, fRgE (1) 15
o 28 X € R )5, #IH KLPP, LRK-
SOLPP #i1 LRK-ASOLPP By HAR 2 =42
], SEEREE RN 2 FR.

H I 2w, ) KLPP $62)5, RIAFFLEAL
NEZ, A A4S 1) LRK-ASOLPP 538
YRR R B R R 25 (0] 5, 28PN K L 2R a] 4
#, M AL+ LRK-SOLPP.

4.4 BEBOSEMESR

ARAY I =ANTr TR A SCHR i LRK-ASOLPP
#3545 LRK-SOLPP #1 KLPP Hikitfr W, 7>
Privr LRK-ASOLPP S3kAy P fE.

1) BETFRHAEGER r 17 IR

WRIEE 1Bk = 12, FE=A R Edi 4 b, X
AEAFEYERL r, B3 KLPP, LRK-SOLPP, LRK-
ASOLPP 74 & SVM 173 KRR INIE 3 P,
TR AE I SRG B B R A AE RO 1.

R RS (Ac) SO RAFAEAERK (r)
Table 1  The classification accuracy (Ac) and

the corresponding feature dimension (r)

Bmse UCMerced WHU-RS Quick bird
(=7 Ac(%) r Ac(%) r Ac(%) r
LRK-SOLPP 92.32 45 92.68 25 91.87 45
KLPP 93.15 20 93.64 50 92.84 25
LRK-ASOLPP 94.89 35 96.43 25 95.69 20

1
0.97

0.8

—<— LRK-SOLPP

0.77, —&— KLPP

Avcrage classification accuracy

—%— LRK-ASOLPP

2 4 6 8 10 12 14 16 18 20 22 24 26 28 30
Neighborhood size &
{a) UCMerced LandUse dataset

09
)
E
=
2
2
o081
2
=
29
b=
@ —<— LRK-SOLPP
=07t
Eh —o— KLPP
g
< 06+ —#— LRK-ASOLPP

2 4 6 8 10 12 14 16 18 20 22 24 26 28 30
Neighborhood size &
(b) WHU-RS dataset
1

>
2
50.9
2
c
2
= g
= 0.8 o —<«— LRK-SOLPP
;2 1
2 —o— KLPP
n
=
§0.7€ —%— LRK-ASOLPP
<

2 4 6 8 10 12 14 16 18 20 22 24 26 28 30
Neighborhood size &
{¢) Quick bird dataset
3 S N [ B 4 QAP VA ey 752

Fig.1 Classification accuracy for different values of k
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Table 2 The classification accuracy (Ac) and the feature

dimension (r) on UCMerced LandUse dataset

Ak LRK-SOLPP KLPP LRK-ASOLPP
e Ac (%) r Ac (%) r  Ac(%) r
K-NN 84.45 20 84.38 20 90.18 35

K-means 85.65 20 89.06 25 91.16 25

SVM 87.25 15 90.76 15 94.27 20

BP-ANN 89.82 20 91.64 20 95.34 25

F:3 WHU-RS dataset [ 20058 (Ac)
B R FRHELERL (1)
The classification accuracy (Ac) and the feature
dimension (r) on WHU-RS dataset

Table 3

(RS LRK-SOLPP KLPP LRK-ASOLPP
S Ac (%) r Ac() r  Ac(%) r
K-NN 85.32 30 88.04 20 90.25 20

K-means 88.58 20 89.64 50 90.87 25

SVM 87.68 35 91.76 15 95.79 20

BP-ANN 90.47 20 90.43 20 96.18 25
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Table 4 The classification accuracy (Ac) and the feature
dimension (r) on Quick bird dataset
(=R LRK-SOLPP KLPP LRK-ASOLPP
orees Ac(%) 7  Ac(%) r  Ac(%) r
K-NN 84.98 25 93.65 20 94.18 35
K-means 86.62 20 92.06 50 96.28 25
SVM 88.76 25 90.38 25 93.69 20
BP-ANN 89.45 20 92.56 30 95.89 25
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