1007-4619(2022)11-2369-13

/

H [0 A E 8 5 L iE & 4 KR SMOTE Fflieds &R K
NiSEMRE;

= ~ N X+ YN
TEF, DE, R, SHL, HXL
KX F, MEwe
1 VG2 PR RS B TAR2ERE, VE%E 710071,
2. FEL L FRHE R ek B AR BE, FE4E 710071;

3. P ERBE B KAG AT Bt B ERTE 2 5000 2, Jbat 100094;
4. VL TR R A se XAFFE e, P58 710071

B,

W E: EFMRF (Rotation Forest) JE—FIIIREIR KN EAR, EFERIGIEEG AL P ELHIB TRZ
BRI R o R, I SEEE & H A AR S AT 1 [ R, X AR A5 48 1Y RoF S M J iR ) 2 O R AE A,
28 T /DEESHEA B 3 k5 B . SMOTE  (Synthetic Minority Oversampling Technique ) A AR A T R AR
17 2RI I B IREA R ECR , MR B AR S 8Ok s (B SMOTE 5%k B A £ 24k 11 7450k 1t
A FRRY B, I HAR AL 2SS RS BT BN TR R A KU o O T e i i R 2 2 ) 2SN T )
ASCHE T8 SMOTE F RoF SIS 8 B s BRI Eh A RAER R, B2 5 o L Ab Lo 25 o
W A TR G . ARSLH M FH Indian Pines . Salinas PA K Pavia University 3X 3 4~ FF B9 155 061 200k X8 69 SMOTE
F RoF Bl AL SR M PR REHEA TN, [R]AS R R 4 Flor LUAET:, GFERENLARM . (L5000 Rol DL K i BEAL I R A
I SMOTE £4 8 1AL #1519 RoF 3%, JF BRI BARIAEE | F 0K . F-measure, Gmean, f/hNA [
R AR SR SR L BRI ZRET R L B McNemar A5 RS0 TEMERE PPN AR HE . SCIG 2 R WIA SO i B
WIS 23O 3A, AT LACRIEAE S AR E A 23 SR BE Bl 4R 5 /NI A 1 UG
KB B, RVHK, TERARMK, SMOTE, ZhARFE
HESES: P2
Sl EEWE,BME, REE, &80, E XL, BEW, RAXF, MEIE .2022. B @A T &S ik E K45 20 SMOTE fiEs:
HMESEREE ERFR,26(11): 2369-2381
Tong Y P,Feng W,Song Y J,Quan Y H, Huang W J,Gao L R,Zhu W T and Xing M D. 2022. Dynamic ensemble

algorithm of SMOTE and rotation forest for imbalanced hyperspectral remote sensing classification. National Remote
Sensing Bulletin, 26(11) :2369-2381[DOI : 10.11834/jrs.20210216]

National Remote Sensing Bulletin & & 5 4

1 51 5

G YR A B A B o e, i HAa &
Ew F & RGIEE R, A AR A S 4R
By WA (TuZs, 20205 FHRE%E 45, 2016).
B, ik RS o 2 20 0 25 18 32 28 Bl RS- 17 1)
[A] @ (Rodriguez %5, 2006; 1T 5%, 2020) . Ar
T A 2 AN 1A 4 1 2 AR S S 28 1) B A AR 2
BB/ FHABEY] (GaretaZF, 2018) . %1

Wi BEE: 2020-06-27; FERA: 2021-01-16

10 26 K 22 B0 53 28 38 AE X S0 AN B8 53 S ek
HR 2 B — 5 P2 B PE BB 2K (Diez—Pastor 55
2015; SR 55, 2020). BE UL AT BRI
TR EAR G OA (Overall Accuracy), 41
2T DB FEA U

AP R — MG R 2R . R,
FMBIREA S AT AN | 22 T 28 ) T 8 FIAE A I P
SRR, A5 22 A - K AH 0 — S S
MELAALFE (Krawezyk, 2016), 222817 532 [w)

BEEWB : FEARPAES (915 :61772397,12005169,62201438) ; B PG 2 H AR BLFAEEBIF 7531 (45 :20213C-23) s Ak BHE /AR
Rk JRE T (4% : CXY-2020-094 ) ; BEPU AL RHE A3 T 58 %0 (415 : SXLK2022-02-8)

FE—EEE N B, U o R E R4 B . E-mail: yptong@stu.xidian.edu.cn

WISEE T W W5y 10 @ R EUS AL B HLES 2% > . E-mail : wieng@xidian.edu.cn
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R BEAR AL BREE B0 . — AN B8 ] DATE AN 4k
LRI UERTE R LT, B B A
KM (Feng 1 Bao, 2017; FengZ%, 2019a), H
B, BFGEA B XL B RS O e it TR Z 051k,
30, Jimenez—Castafio 2 (2020) ik T 254 &
Fem AL, AR AUE I 45 & 3L 1 ol
A% LK 0 2 R HE T o 25, AR B SF
MG 5 Arshad % (2019) FEH T —Fh2f M B IR
JERUR CHE R, SREBUBNRRE LU 1 704 5
Douzas % (2018) F§ KIERIEH LS G HEE
i RHE 7K SMOTE  (Synthetic Minority Oversampling
Technique) HH&EE, v RHAL S REER LA BLL,
TH B3 A T) A S A7 11288 P9 AS ST () o ol ™ A W
FEAS, Forfr, SMOTE 5302 XD B A A 1 7
AYATT AL, S N T ASE 0L 0% 0 R AR R i 2 i
Aerb, DA IR B Hh 2 0 i NP Al L, (2
KEHOTHEARE D T v 28R 8, Al
T ZZME0 (CF I 58, 2019).

B SR H 8 RSP A s ' T e b By
Peo BURIFRAEF AR RN R FE RUS (Random
Undersampling) F1 fifi #L & & # ROS (Random
Oversampling) . RUS %3k 38 £ Bl AL 45 /) 22 502 )
PIREARCR (R AR B, (HR RUSTIE SR
RS ALK ROSEEMIVETIN S RUS 5
AR, BB P oE B AL AE B £
FEA, ERFTA LB M, SR ROS Bk B
SR AT Lo ik RUS By Bk BE , (H 2 25| i 59k i it
R

SMOTE /& ROS [ FH 15, & AT DL 230 b sk
il W EIME, T TRILE 2% g 285
-], 5140, Bhagat 1 Patil (2015) 3 5Gf
FH SMOTE 3fc V- i 54 45 280 I REA SR, AR5
FHBEHLFFARFEFT /02K ; Bandara 2 (2020) 2
Jeid ik SMOTE 532 VA A i 4, SR 5 A i i
PR, B R HOER T BEMLAR AR S i AR AR v
FEV AR 1 DL T PR RE R B . DAy iR T LA
FE— RS 14 R o SRR X N BB AR (1) 43 25K
I, BRI, 3 AR AT TR A e 2R SP-i ] RE
T T I 52 2% 19 22 S AN Sl ) R Sk 9 R o 7
NI EE 2, Cai il Zhang (2019) K SMOTE
BN H F Pavia University 8684E I, A 30#R =
R AR, Zhou” (2020) @33 SMOTE
G BN THA, T 220600 T
AT B ), HR, KZHF5E H ¥ SMOTE

LN T RS AL BREY BE . T SMOTE 85 %
FEYNZRREA B HAG 5] AR B RS (Pan 45,
2020; Elreedy Fll Atiya, 2019), — U7 kEAR
Al BE S B0 AR MR R I IRABAE TS ) 43 A
RN . R, dnfaf itk SMOTE 5592 fift pk
02 J4 1) 22 A I R T I 2 R A R AR

AL ) B & R N T G B 4 2
(Mullick %, 2020; Feng %, 2019b) . Ji€ s 7tk
ROF (Rotation Forest) & — I B 58 K1 £ ml 43
H8% (Tu%:, 20205 Rodriguez, 2006), SIE T
Iz . R E A 2R AL F Ok 4R T
H B2 e, XEEREHLN e BdE L
PEHE . FRIEBEALIE PR FIRAAE 25 (] eG4 55 . RoF 53k
() A% 8 38 I 1) 1 X6F 2 B0 0 AT 0 25, T 22 s
DECEREA N . H AT ERSR T AR Z UG 1) RoF
SR, AHJR A AR 3l 35 T 1 RO A 2 T
B, Bloik RoF Bk, (i 238 & AT L i 2 26
AN B — AR A SRR T 1)

ARSCHRE T — 4~ SMOTE 1 RoF # H i [
WA RS . BRI H S A R FHOR,
BN A A I o g i B kAT G, JFal
DAAT 5 i e i YT R v 19 22 AN Al [
2 RoF/rJsHuk:

RoF 53 2 — i Bl ATL AR AR IR0 2 TR 1 2 1
Sygn, M RREAS AR S, AT RLEE N s
PREES LB ZHENE (Feng 55, 2019a) . %
{X’ Y}z{("n 9’1)’ T (xm yw)}ﬁqﬁllé}’]}ﬁiﬁ%,
Hora =[x, . o, x| e ROBEFAEN F YIS
FEAS, Y WA RSN 1) 6, oy, S 2O bR 26
w JESTHICER (L REEARMA
SEED . D, -, DR R I
i, o TR AR AR

FGE SRR D, B EA n AN FEIER FRE
BLAr B H A EORAHAS I T4 o R H & n R,
FAPAE TEAAL S M = il HAEAE, FI P, F5
TIN5 245 DS A FRIE T4, R F, A
AR G RN Z, Hk, X Z AT 75% WIFEA
BEMLRAE, XT3 h R AL & 2E 47 32 B4 40 BT
PCA (Principal Component Analysis) ; 2R J5 PR A7 &
IR R R el e @, A R B RN
KM x 1 B 32 B0 B ) R B2 e 2 o
R.. RVLIFIR N

w = {w” see



TRV SF . I 1A AN R G 18 IR 25 19 SMOTE FERS ZRAR3h A 4 i 5 vk 2371
a( ) a(Zl) w]) [0] [O]
m @ .. 0 .
R - [O] a27ai,27. Hre [O] (1)
[0] [0] all.al - all

Ah, EEERE B xS M, RoFEBEMR Kb, o [0, 1] SEHAABEHLERE
S S BCHE (0 A HE B X R, B9 AT SRR, 4k A T M5 SMOTE 537 Az I N TAFAS 5 B3

HANRNxn, RER  FEARZEEXG, BRI PIRAEA 2 AP

A58 0 e 5 I R
XR, A — RN G REAR S, I GR—44r
RKAwD.o

3 SMOTE RFER L

SMOTE 8% (Rodriguez 55, 2020) JZAbFEAS
ARSI (R A T B . R P R AN BT 1
Fis, FEAFELF SR 5T OBy,

PEREH KRR DB A %, TEx, 5 x 1Y%
Lk Bl A 0 E DB «,, BTG R
AR, AT LARIRH
X =%, + alx - x,) 2)
® o © * CEZ e3:ZN
°® °® 0. b l&‘iﬁl%‘éiﬂ;m#jx
W SMOTEZE kAL
‘e oo ° e * SHORRERD
b ® * SMOTEA4: R HIRE A2
® o e o o
oS, °
o */“/

K1 SMOTE S k7R &I
Fig.1 SMOTE algorithm diagram

T5 AT LR A A =% - x,, HHY
BWFEAR R, =% +ad, HobaRETE[0, o |
BUERR, 28a MEEE K T T 1, Xl
VL RENETE T FEREAR &, P B HL A 25 1) e AT 40 % 1)
LR L HEAT M A

GEEA %, BT 22PN ARE

Car <),
E[xsym]”m,*'T plx)? = (3)
o [50]-[0 20 cun

WAYERE, VORI B R AR R B BCE, p(s)
JEREAR x, B SRR R R, DR, CRItt
AR

2.2 2
NI'(1 + =) T(K+=+1)
C = d 2d 4)
7K!(d + 2)I'(N + 3 +1)
A, K RDBCRFEAR W G SO REAE, T ity

R x, BIPITT 2250 e LA A5

copla) T L o
z” ) * CTa Ca L’p(xi )T%dxifx’p(xi )T%dxi +
3 5)
Ca’ 2 an(x. . > ()T
2(fx,p(x ) P;xt)((xi —,Lva) )dx[ + fx’p(xi)d (xi _Mx,) p((:)x’) dx[)

X, BRI, Y RESREA
[URES %ﬂt AREAS B A 2 S 2 e s i o A
=L (3) 530 (5) wfRLgE—L Rtk

E[x,,]~ (©)

2, (211')]% de— 1 )2)I+

:Ex’+

# 1-d
CTadetT(Ex’ ) (

d+2
-2mCa’ det'li(Ex’)(d(jz) ’ )I

(7

b, del RATAIR . R (1) MTFHREd> 22
AR . RFTAER G > 2, kT, FiE

BRI REAS Y 7 22 5 PR 50 =IO S LB . X T
HESMOTE 5%, o =1, X (7) IR ENT
W0, B, i SMOTE A& 8 Y REAS Bl 5 22 46 14
W LU SR i /DB RE AR B I 2 T R

ARUER] T SMOTE Az UM RE A BB #2308 F 1
THEAR I, PO B9 Ty 2656 B 2 ] A7 A — L
E5R,
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4  SMOTE Fll RoF #2548 il vk

A SCHRE T — i SMOTE 1 RoF 3l 25 48 i
SV o IR BE A AR A A RN Bl A SR A R R
ik SMOTE #3551 AN TR XS, I 5 RoF 54
AT A, AT 2RV m e R
P2 > )

41 HAEEMNERY

A SCHRE S — B AR A HE BV ACE R 2, R
GeA7- SMOTE = A= B AR 75 A 52 o 32 AN L pR AR 1Y
HESIR TR RIS . FEEPRES T, T4
FERFEA, BRI RESAL, WITEaENER
HlE, AL PRTE L2 KGN T (Zhou A
Guo, 2019),

B IEREAR N (=, v), h(x) & T3
AT PR . 6 > 8(0) ARG 6 7275 Jy HAG o ik
B0 1 OB, v(x. o) = D8(h(x) = c) T

TAEA x FIBREE N ¢ 170 2Eas D E. IREAS 2 (4R
2] B P T A SRR g

margin(x,y) = l(v(ﬂw) ~ max v(x,C)) (8

T
FEARPIRCE B LR A E X
W(xy)=1- |margin(x,y)| 9)

X AR S A H AR AR AT o RO AT
T, AT PIS A
W(x,y)=1—%(v(xﬁl(x))—min(U(x,y),v(x,};z(x))))

(10)
X, by () B by () 253 28 B0 R 22 (1 1 A A

% h,(x)=arcmax v(x, ¢), h,(x)= arc’p(la)xv(x, c)
¢ c#h (x

T TMAEAS x 3RA5 5 A 21 1 73 R de Bt
X AT HES, A W (%, y) A LLEAER
PR e 2 03 28 A IH— A 22 5

SrWEXTEC (9) HEATIER] . B, (RBHEAR
HIEMARE R A R E, by (x) =y,
M2 W(x, y)=1 —(v(x, ﬁl(x))—v(x, ﬁz(x))),
HTo(x, hy(x))<v(x, h(x))=v(x, y), & (9)
FR A XA AT S A UL

AR A S A X TAEAS & A TN (E 5 BB A
E o, h(x)=y, I8 4 W(x, y)=1—‘v(x, y) -

v(x, fL,(x)) 5 EE?U(:\:, E,(x))?m:axv(x, c), e
RIBERW (2, y)=1-(o(x, h(2))-vlz, y))
XEWERX (9) E@margin@f@%ﬁﬁiﬁ&g, Hp

> . 1 ~
BEABE R W (x, 5) = 1= (o(x Fi(x) -

min(v(x, y), v(x, ﬁz(x))))o

Zi b, VIZREEA Y B AL R B W (2,) 0] i
AR 3t

Wx)=1- " |o(xy,) - maxo(x.c)| =
(v,) )
2, (11)
1= Mo(xy) - max o(x.e)
7| v(®ey:) - maxv(z.c

A, w(x, y) REIEGy L, o(x, o) 2
oM 20 e A R, BEAR B BRI A [
W (), FUIXABEAR AR T 2400 A9 40 ek 3k i
B, O H B8 E iR gk th 2 5 SMOTE &
B, RF =AU SR A B 280 S i A
YIRREARSE . L, BEE A ECE R,
OI A TEDL I AR AR R 2 AR

4.2 SMOTE 1 RoF Bh7#s &M &%

A SCHE 9 SMOTE Al RoF s 25 45 i 5 ik 2 —
FhECHE RAE S5 AL N 45 & B, BAMY
al LA A 07 0 B s B9 A SF £ R IR (Imbalance
Ratio) , A RELRUEINZRAE HAHEA R B AT i . &
WHHRAE S A LA, 28 i A ZBIAEA RN
KN, BRSO T I REAS S AR A AR R
N TR HES ], W N, Ry e K28 B IRk AR (1 L
W, N ONER/NEG LIRS B S IR AEAR L
I WHIRA R VN, ERRER T, LIN, IR
HE, X HABFTA 25 e(e =2, -, L)FHERAE
B o%PATA T PIFEYLREE, R 0% - N, DA,
SR 5 i SMOTE Sk AR i R 19 (1 - w%) - N, A
FEAS . B Jailad B N, o SREEFEARLL B SMOTE 774
IREAR AT G, ARAT A S B o 1 I 2
RIS, . RIG G155 RoF B E—FE, *EdESE S,
TTHRIEZS A ERE , LIRS e & I SR B E 4E S,
NG —Araw D, MRPEX (9) EH A WIIH
YIGHEANEME W, HEHERER o, EE
DL EARRR, BB R R Rk AR A, e T
285 38 2 ) FH S5 KA S RS BT A (1) 4 S A 46 2R
HATRNG A% o A ORI HAR T
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WA VGFEARES, FRIEESF, FAEL,
N RN ENEAR R, 0% NERER, H
FBEAL ST R R SR, DRSS, TR
BB, E=0 AR R 2R

WItE Ak . BT x, e S B AL E W IR 1k
W, (x,)=1/N,

B4 S R LA R AL B A REAR KR N, 2R 1 T
FEFHES . N, e RS ZRFEA 5k, N, R
e/ NI LB REARKL

l.fort=1:T

2. XS, TN AFEARNES

3.fore=2:T

4. %200 e TR REAS, ARSE W, AT R R
0% - N, IR RAE, RIGHEARLES,

5. FIH SMOTE 53k, A sUAEAR A $0h (1 -
w%) - N, WEIEES!

6. end for

TR RFERAEES, (c=1, -,
BRSS! (e =2, -, L)BITEA,
AN B AR AR S,

8. X EHR4E S, W FRIEE F AT REML AT L, 15
FIHNAHZETFEF,

9.forh=1:H

10. 6 F,  IRFEZARL S, . JF4% PCA W H T
S, IR H e, ,

11. end for

12. ¢, HGIEREM,, VLG ECE FRAE F o A5
HE, XM R F AT R, A5 BIBER AR FE M,
WIS, =[S, - M/, Y]

13. H S/ INE—A258% D,

14.E<— EUD,

15. PR R 0%

16. forx, € S

17. HH W, (%,)

18. W, (x,)«— W,(x,)

19. end for

20. end for

21 F . SERER E

AR SCHE I S R B A SR A S R [ 1Y) 3
R AT ZREMERRIE I SRR A SR & . FEME
FHSMOTE 8.3k Z 61, VAASIR R AEE R 0% X T A
R AR ST RPN RAE o LUF 7R 1 T PR 4

W % () B i 7

T R 0% N 10% %2 100%, X T
B NREY, 0% EFET 10%; 5B AR 0%
YOH R 20%, SRIGVAIZEHE. Y 0% 55T 100% i,
XFF 25 0% AT I 56 A B BEAL I SR AE 5 A 4R 0L
BRI RS 0% 430, MBARE 101572648, 0% AT
3YRM 10% % 100% R 3EACTE 5 .

5 SEERZEHR

51 LIFi&t

HT T ok SR AR A 2 A it R AN Y A [ A i 7 ) B
NIz, AR SE F B ROS M SMOTE X P i
FAERIEAE XS o R T B UEAS SO AR A -
Bl e Ery 2R idh, ARSCGEM 4R ek, o
SJEBEHLAR A RF (Random Forest) . 548 Y RoF |
ROS fil4k B 5 RoF 4545 1953 (29 ROSRoF) LA
S SMOTE Tl 4k B 5 RoF 4 & M 5L 3% (i W
SMOTERoF) .

SCE A 4325 mH M CART (Classification and
Regression Tree, ) {52645, A MR R
30 MYRM A . X T A 1Y RoF 535, S8 H
AR BEE O 305 B R AR 0% B B B E N 10%
2 100%; S50 H o BT A8 ¥ 9 RE M S s Ay
10 A i 25 R H4ME
5.2 iFMiELR

T SR PEGAT T A [R) 05 T A AL R bR (v
AN AE, 2007), ASZEGAE T 8 R[] Y LT s
Xf oy e a5 R IEATVEAN o BT 22 SRS BE AA
(Average Accuracy) . &K 4245 B OA (Overall
Accuracy) . F-measure. Gmean il iz /N A [0]
(Minimum Recall) LA S iz 5 [A] %) 5505 047 01t
R T SRR A A A RN 2R B T O T e, B
SRR ZHENE (Feng 55, 2018) i HI ARy A Al
BERPAG T S3Ah, RS {E ] McNemar 3F
SRR G B o H AR SO R S Hof S e g it
B EREREES: W5, 8 T W A
M RRI, el & BRI KR B
SIREE, IR I S I S B AREXT L

53 SEIERE
N T VS ASSCRR A R, A SR 34
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N T B GG G AE g Bk e AT o 2
Indian Pines. Salinas A ) Pavia University, Z(#g4E
ZHNFE 1 Frn . 2, Indian Pines KHZHA 20 m
23 (8] 73 BEAS 5 Salinas BHE S A 73 R K 3.7 m, £
16 A2 Pavia University FEMG I AL
470.43—0.86 wm, 75 A/ PERE A 1.3 mo

®1 LIRS
Table 1 Experimental data set

sk Indian Pines Salinas Pavia University
15% 145x145 512x217 610x340

FRIESL 200 204 103

F %L 16 16 9

N T BAEAR SR KRB, AR
T IR AN ] A E s % o & Salinas B E0dE BL &%
Pavia University KB o, 7 5256 R FH JG 1 fiei

PLIMEU e, 8% 5% 0 4 B0 He 44 L I e A
HAY 95% 1E AR FEA 5 11 Indian Pines K115 2095
TR, AR AL #, #m
A AN A IR fE AU REAS

1t Indian Pines B E G, #4938 4 AR 4R
Tk T 22BN, 43 AL IR iR
BRI 5% . 10% . 15% F120% LIAE 11 2R 80 4
HE RPE BN AR AS . X T A4k
B, 7.9, 16, hFrEAE D, WAk
50% REAANE R IIGRAEAS , T H BYA4E R KA AR
YIZEM IRE L NN ITEASE]; 6 MR E IR
31220, 17.50, 36.80. 49.10, 12.51F119.83;
A S 15 v R AT I A SR AR i 2R B
T2,

=2 NSEHEEESNAER

Table 2 Training sets and test sets

Indian Pines

Pavia University

2450 FEA1(IR:12.20) FEA 2(1IR:17.50)

FEA 3(IR:36.80)

Salinas(IR:12.51)

FEA 4(IR:41.90) (IR:19.83)

WIGRREAS PIRAEAS YRR

MAREAS PNZREEA MAREAS YIZREEA IR IZRREA DR INZREEAR IAEAR

1 23 23 23 23 23 23 23 23 100 1909 331 6300
2 71 1357 142 1286 214 1214 285 1143 186 3540 932 17717
3 41 789 83 747 124 706 166 664 98 1878 104 1995
4 11 226 23 214 35 202 47 190 69 1325 153 2911
5 24 459 48 435 72 411 96 387 133 2545 67 1278
6 36 694 73 657 109 621 146 584 197 3762 251 4778
7 14 14 14 14 14 14 14 14 178 3401 66 1264
8 23 455 47 431 71 407 95 383 563 10708 184 3498
9 10 10 10 10 10 10 10 10 310 5893 47 900
10 48 924 97 875 145 827 194 778 163 3115 — —
11 122 2333 245 2210 368 2087 491 1964 53 1015 — —
12 29 564 59 534 88 505 118 475 96 1831 — —
13 10 195 20 185 30 175 41 164 45 871 — —
14 63 1202 126 1139 189 1076 253 1012 53 1017 — —
15 19 367 38 348 57 329 77 309 363 6905 — —
16 46 47 46 47 46 47 46 47 90 1717 — —
54 ZRSH E X B TALGE RoF (70 264550, . L 5ERY Rok I 5

A SR 5 T BRRAE 6 A v ik BUR
o 2R RnL 3 MK 4778, F-measure
Gmean Fllf /N PRGN 5 s . BRgl 5t b
PERE AL 2 R C AR

HER3FRATLIE L, 5REZEIMA SCHAY
ZSRAFRYIE, RF A mEDOGIE BRI 24 RSt

FERREAM 2, M D B FE A oy 2t
% (Breiman, 2001); JUIH R YA A 5214
TNEE, A& 58 RoF 53 56 4 B0 T DB FEA 1) 43
KHEE  (Ghosh Hl Cabrera, 2021), MAb, 41 %7A
AR AR SCAR I 3 A o 28 B AL B
Oy R AR 2R LIRS A 19 43 e 21
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%3 Salinas 5 Pavia University 53 X5 &

Table 3 Salinas and Pavia University classification accuracy

1%

S Salinas Pavia University
RF RoF ROSRoF  SMOTERoF  ARSCH % RF RoF ROSRoF  SMOTERoF Z<3CH 7k
1 99.22 99.14 99.64 99.60 99.47 90.06 91.68 68.29 72.81 94.10
2 99.73 99.25 99.86 99.93 99.67 97.39 97.95 72.04 80.44 97.10
3 97.81 97.50 98.86 99.18 99.13 59.37 41.20 69.85 71.73 74.96
4 98.70 99.20 99.55 99.54 99.37 85.02 77.00 97.28 94.62 92.31
5 97.32 97.05 96.19 96.36 98.55 98.82 98.59 99.35 99.41 99.76
6 99.34 99.50 99.89 99.88 99.66 55.84 62.81 88.82 87.89 87.63
7 98.19 96.47 98.83 98.59 99.44 67.40 2.31 91.30 88.86 75.88
8 83.76 90.21 82.52 80.57 91.34 85.81 92.28 78.53 80.82 88.36
9 98.54 98.82 99.10 99.04 99.18 99.93 99.96 99.89 99.94 99.99
10 90.54 90.57 92.19 92.46 96.94 — — — — —
11 94.95 92.55 95.69 95.72 97.22 — — — — —
12 98.68 99.75 99.97 99.94 99.98 — — — — —
13 97.01 96.98 98.15 98.03 97.01 — — — — —
14 92.93 94.08 93.04 93.74 94.06 — — — — —
15 62.49 51.37 61.35 64.73 65.28 — — — — —
16 97.15 96.89 98.33 98.60 97.94 — — — — —
AA 94.15 93.71 94.57 94.74 95.89 82.18 73.75 85.04 86.28 90.01
0A 89.95 89.69 89.93 90.02 92.74 86.79 85.16 7177 82.04 92.83
T FA% POITRLAY B0 3R R A B T PR R R A A5 AR
%4 Indian Pines 2 %45 &
Table 4 Indian Pines classification accuracy
1%
5 FEA 1(IR:12.20) FEA 2(IR:17.50)
RF RoF ROSRoF  SMOTERoF AR RF RoF ROSRoF  SMOTERoF A SCHEyk:
1 87.83  91.30 91.30 91.30 91.30 66.09 83.91 90.87 94.35 91.30
2 5597  67.57 67.64 66.28 74.12 64.61 78.87 70.00 70.48 81.66
3 4326  60.00 60.86 69.01 64.12 53.68 56.48 63.20 65.03 69.65
4 24.60 5.75 80.00 73.89 62.92 31.78 4.11 78.93 80.89 74.67
5 79.00  89.32 86.73 83.59 90.15 83.79 88.23 86.34 87.01 90.32
6 88.89  96.89 95.76 92.52 96.96 95.68 96.33 95.94 95.08 96.86
7 92.14  96.43 97.14 97.86 97.14 70.00 75.00 88.57 86.43 82.14
8 86.70  94.97 94.59 94.88 96.13 95.59 98.68 96.24 97.77 99.21
9 31.00  93.00 94.00 92.00 91.00 67.00 0.00 100.00 100.00 100.00
10 6192 7179 79.07 79.42 82.73 67.19 71.85 81.35 79.85 85.23
11 7775  86.64 54.02 48.24 80.45 85.27 91.19 48.06 43.13 84.61
12 3330 35.66 66.37 57.00 66.44 43.67 29.34 71.14 72.85 81.40
13 91.13  97.74 96.26 94.51 96.15 91.19 97.51 97.51 96.32 99.19
14 91.61 97.56 83.87 82.64 95.51 94.82 96.37 93.41 91.94 96.67
15 2422 37.66 48.96 47.25 49.51 39.45 47.44 59.34 58.13 64.20
16 9872  97.87 97.87 97.87 97.87 9830  100.00 100.00 99.57 100.00
AA 6675  76.26 80.90 79.27 83.28 71.76 69.71 82.56 82.43 87.32
0A 67.86  76.56 71.46 69.26 80.76 75.09 78.73 7271 71.53 85.58
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s FEA3(1R:36.80) FEA 4(1R:49.10)
RF RoF ROS RoF SMOTERoF AR RF RoF ROSRoF ~ SMOTERoF  ZRICEL
1 80.87 48.26 90.43 91.30 91.30 81.30 0.00 99.57 100.00 96.09
2 68.29 61.74 63.18 64.92 81.89 70.20 69.54 64.53 65.08 83.65
3 54.50 50.50 53.19 60.69 76.59 55.69 47.53 49.98 55.50 78.33
4 34.26 0.00 85.99 89.70 85.25 44.42 0.00 90.74 86.32 88.63
5 82.99 85.40 82.34 87.66 92.87 85.35 89.43 87.83 86.02 93.59
6 95.02 97.54 95.12 92.09 97.10 93.61 97.62 92.62 92.96 97.89
7 74.29 3.57 92.86 92.86 92.14 57.86 0.00 97.14 99.29 96.43
8 98.60 99.93 98.08 92.14 99.63 98.09 99.16 95.67 96.50 99.56
9 55.00 0.00 100.00 97.00 97.00 64.00 0.00 98.00 100.00 95.00
10 65.41 72.15 77.11 78.38 81.46 69.18 74.23 78.10 77.94 86.09
11 83.85 86.99 53.94 47.92 85.17 88.27 88.52 57.96 57.22 87.00
12 51.90 53.49 76.75 80.61 82.97 53.62 35.01 79.79 81.43 88.61
13 94.74 99.14 99.37 99.26 99.43 96.83 98.84 98.41 98.66 99.39
14 94.96 96.38 94.65 92.11 96.12 94.78 95.96 86.80 86.05 95.46
15 44.29 46.78 50.09 53.89 64.13 49.48 48.51 55.60 57.96 71.65
16 94.04 94.89 95.11 96.17 97.45 99.79 96.81 100.00 99.79 100.00
AA 73.31 62.30 81.76 82.29 88.78 75.16 69.71 83.30 83.79 91.09
0A 76.04 75.94 72.12 71.54 86.39 78.40 78.73 72.65 72.96 88.40
T FA PRI B0 3R R A B T PR R A A AR
*®5 A REE %R F-measure.Gmean /N E B F
Table 5 F-measure, Gmean and minimum recall of each algorithm
F-measure Gmean /N Tl
HEA ROS SMOT A3 ROS SMOT 73 ROS SMOT A3
RF RoF RoF  ERoF ik RF RoF RoF  ERoF ik RF RoF RoF ERoF ik
FEANT  64.00 75.87 7335 72.56 79.92 59.78 58.06 79.10 77.18 81.71 2055 5.75 48.70 4547 4951
o FeA2  70.85 7430 7528 7530 85.54 68.12 0.00 80.85 80.52 86.57 31.78 0.00 48.06 43.13 64.20
fdiankines A3 7572 6537 76.80 75.63 87.77 70.10 0.00 79.67 80.41 8821 3426 0.00 48.36 46.75 64.13
A4 7550 7430 76.11 76.68 90.02 72.05 0.00 81.35 82.08 90.69 39.86 0.00 49.98 5495 71.65
Salinas 93.90 9327 94.15 9432 9599 93.61 9275 9395 9422 9545 6249 5137 6135 64.73 65.28
PaviaUniversity 84.75 7750 80.46 8254 9126 8045 18.15 84.12 85.69 89.55 5584 231 68.18 71.60 74.88
T e FA% PR B 3R R A B T PR R A A AR

i 2 ROS 3 SMOTE 55745 X 54l fiAb 3, fE s
) B s 4 B RCR . TE R BEAR | ROSRoF 5
SMOTERoOF 7£ AA J5 1 3 % 4t RoF #B A7 W] b 11 42
Fto HFARSCRE BB A TRl i,
AR SO B 43 R 45 5 5 SMOTE S35 4E S i 4k
BRI 43 G5 A H A g

AR SCR R ALK DR S A /B,

MmHERREE L& T BERSEEE. X T
Indian Pines {4, TEAFHPREARRIEEAR 1, A
SCHTHR I S7E 5 RF AL 55 RoF A LU 7E AA J5 T
Iy W T 16.53% F17.02%, 1E OA J7 1 43 5 42 7
T 12.90% f14.20%, - ROSRoF F1 SMOTERoF # It
TEAA FA R E T 2.38% M14.01%, 1EOA 535
P T 9.3% M 11.5%.



ZEPE S5 )N R DG 18 B S i SMOTE FIiERE AR AR Sh A48 i 8 1k 2377

MAE A R I REAS 4 v, AR SO S H ®7T HERIBITHIE
b A b 42Kk BE G B R T, DA e Table 7 Run time of each algorithm
TEAT R B R 0L R R A R AT A0 HERE . 5 s
AT F—measure . Gmean Fll /N [0 R 3X 3 A4S 1F vk s *;;tdian :;: s Salinas Pavia

. N . . . A1 HEAR2 HEAR3 HEAR4 University
(UECLZS jxj(%:@t%ﬁ%ét% Hﬂiﬁﬁﬂ?”ﬁ‘ flusr 25 RF 040 064 090 122  2.02 1.53
2o BREEIEARZ RGBT 8] 5350 i 2 6 7 RoF 3770 6023 9159 11732 269.63  74.20
KT ACEFRMAHBNEREEH A, HbrESE ROSRoF  47.67 9501 13556 18832 34070  80.13
IR REME | AR SR (M R 2 4 T SMOTERoF 88.82 183.74 275.17 35593 607.88  139.31

ACEY: 6535 86.08 155.00 173.01 389.89  230.90

*6 EHEMEARZHM
Table 6 Sample diversity of each algorithm

TEp < 0.05 IE LT, McNemar (43 (EDHE i
Indian Pines Pavia
b alinas G b, | A S
Hik oA Frs s e University 1.96, HLEWRE WM AL Z BAAE R E2Z 5.
RF 0.1627 0.1640 0.1522 0.1562 0.0806  0.1069 McNemar AUMAZ R AN 8 frzn. MR8 Al LIE
RoF  0.1340 0.1317 0.1104 0.1079 0.0605 0.0705 W, AR SO A A T 1 MeNemar i 25 SR 15
ROSRoF 01596 0.1480 0.1401 0.1478 0.0622 00910 RTF1.96, WwutEil, S5HAREML, AHE

SMOTERoF 0.1781 0.1515 0.1530 0.1575 0.0627  0.1088 SRR T4 B 2
o
AP 0.1931 0.1828 0.1754 0.1751 0.0897  0.1172

#&8 McNemar Bl 5 R

Table 8 Results on Mcnemar’s test

Indian Pines

Sk Salinas Pavia University
HA 1 A2 HA3 A4
AXH B ERF 25.300 24.457 23.973 21.998 23.038 36.938
A5 RoF 13.415 17.528 23.206 25.333 23.214 45.266
AR5 ROSRoF 16.061 27.912 27.634 30.799 24.290 68.011
AR 5 SMOTEROF 23.855 25.889 31.429 30.767 24.083 58.636

ARV I i R o S a5 R n 5] 2— & 4 A SCHE A B RE W B A T RF 338 5448 RoF
fras, HofE 2 R S Indian Pines Z(J57E IR A Bk, DB S SOR B m R R, £
49.1 WA 285 o ARV BUE Y oy 2 25 S L i BEREA R RE RE DY - s R0 ok

ez Wy iy

.Fllllll g :E:II. 5 .F. 7

JEEE
Bl
— AL —
(a) HIH S %5 (b) RF /35451 (¢) RoF /3245

(a) Ground truth (b) RF classification result (¢) RoF classification result
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(d) ROSRoF 432444 (e) SMOTEROF 432545 5 () AR AR
(d) ROSRoF classification result (e) SMOTEROF classification result (f) Proposed algorithm classification result
EifE LAY S LS S E¥N m Rk
L RE3c ISl TR #ek [V ONGR: | LN | KESHE i pNCR: ]
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&2 Indian Pines 73245 1

Fig. 2 Indian Pines classification results

(a) Huifi 25 508 (b) RF 50254k (¢) RoF 432ah I

(a) Ground truth (b) RF classification result (¢) RoF classification result

(d) ROSRoF 43245 (e) SMOTERoF 433545 (f) A SCR P4

(d) ROSRoF classification result (e) SMOTEROF classification result (f) Proposed algorithm classification result
| FPapial BBl AN P Edin wt [l E w L R

3 Pavia University 432545

Fig. 3 Pavia University classification results
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(b) RF classification result

(c) RoF 43245 IR
(¢) RoF classification result

A

(d) ROSRoF 43245 (e) SMOTERoF 432544 (f) AP 22 1
(d) ROSRoF classification result (e) SMOTEROF classification result (f) Proposed algorithm classification result
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Fig. 4 Salinas classification results
v STRAGRE . ISR E . F-measure. Gmean,
6 4 i

A SCHE T —F LT SMOTE il RoF 245 4 i
SRR T 2 2 OGS B AP o 2R ),
ST — Tl T N B B R AR R SR T 25,
FHRE 7 i 2 1 ok B o HE A R AT, DARE AR
SMOTE 3.3 51 A TME A iy KU, JF R sl A%
FEOR S8 M FE A Z M 1 . A SCff H Indian Pines,
Salinas £l Pavia University = YG % &0H0 X 42 H /) 589
PEAT Z RT3 T2, Ve 4 FhovS L5
SIAERE . f£58 Rok 5%, LK ROS FI SMOTE i
Ab 3RS P RoF 23 S M SR A LL A, SR 2 A
PO T BN A o RV REEAT VRO, LA S

I/ R AR ZREE BRI R R LA
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X B AN A B AR A B s S v, AR SCRIR TR
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i 2R A 5 1 Indian Pines BUHE 4 I 043 20K B 2B
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Dynamic ensemble algorithm of SMOTE and rotation forest for
imbalanced hyperspectral remote sensing classification
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Abstract: Rotation Forest (RoF), a powerful ensemble classifier, has obtained many successful applications in hyperspectral image
classification. However, the data often has the problem of class imbalance. Consequently, the traditional RoF algorithm focuses on identifying
the classes with majority samples, ignoring the accuracy of minority samples. The SMOTE (Synthetic Minority Oversampling Technique)
algorithm increases the number of minority samples by simulating the way of generating new samples, thereby achieving the effect of
balancing the categories of the data set. However, the SMOTE algorithm is mainly used in the data preprocessing stage and has the risk of
increasing artificial noise when dealing with multi-class problems. Therefore, a novel dynamic ensemble algorithm based on SMOTE and
RoF is proposed in this work to increase the classification accuracy of the multi-class imbalanced hyperspectral data. The proposed
algorithm uses a dynamic sampling factor technology to merge the class distribution optimization with the base classifier. This algorithm not
only realizes the adaptive generation of class balance data set but also reduces the influence of noise on the base classifier. In this
experiment, three public hyperspectral images are used to test the performance of the algorithm, They are Indian Pines, Salinas and Pavia
University. Four comparison algorithms are also selected, including random forest, traditional RoF, RoF algorithm with random oversampling,
and SMOTE data preprocessing. The overall accuracy, average accuracy, F-measure, Gmean, minimum recall rate, ensemble classifier
diversity, model training time, and McNemar test are the algorithm evaluation criteria. The experimental results demonstrate the effectiveness
of the proposed method. The novel method not only obtains obvious classification advantages but also increases the recognition accuracy of
minority samples while maintaining the overall classification accuracy of the data.

Key words: ensemble learning, imbalanced classification, rotation forest, SMOTE, dynamic sampling

Supported by National Natural Science Foundation of China (No. 61772397, 12005169, 62201438); Basic Research Program of Natural

Science of Shaanxi Province (No. 2021JC-23); Science and Technology Development of Yulin Science and Technology Bureau (No. CXY-
2020-094); Shaanxi Forestry Science and Technology Innovation Key Project (No. SXLK2022-02-8)



