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(1. MRERLIERYE, MHAARER%N, [EKETIRIE ST EAH L, B 210044
2. FERERIE RSB E BRI 7T, SRR E S seih =, JEET 100094;
3. BN PR KA S 8 SIS TREYB, BNl 310018; 4. 2K s B LAY, &0 230039)

W E: REFASEHEETE, SRS ENRHMEIL R R IERILIE @ ARE X 8 S E Y I R K P B S
fER . SRHBE U4 St P R PUER /N AR N R, T Landsat 8 3B LRI 7 18 MEHiEAS &, B ek i
(correlation analysis, CA) Flig/NU A AR (minimum redundancy maximum relevance, mMRMR) 2 Pl fiE e 5 54092
Rkt 7 2 BARIMRAEAR &, 20l Hi N Fisher 61430517341 (Fisher linear discriminant analysis, FLDA). SZHFH
AL (support vector machine, SVM) Fl AdaBoost 3 Fli ik, Ha%/INE PRy ik Az PE BB F2 B IS DB Y, st L igb AT H 1
WAUE ST, 45 RFKHT, 2 Fh AdaBoost 1RSI /INEE UK R AE P B R P 1) AR M RS 5 43 il L FLDA AR SVM
RS 27.9%. 27.9%F1 14.0%. 9.3%, MRMR S5 IEFFEATE FLDA. SVM B AdaBoost A% B i) i s s A
Iy HILL CA T4 E T A 7.0%. 11.7%F1 7.0%, H mRMR S5 i RFE 45 & AdaBoost J7 5k i 2 W AR 2 (1 5 B A0
Kappa 2737119 88.4%71 0.807, AFTA A & m . Ui AdaBoost 77 %M T 1EY i 5 18 R I M BUREGE, EAEYIR
IS B R R E A B 5 b mRMR S0 L I CA BT BAR 3  BF Fu 45 SR v] Sy AR i 35 8 R MR IR 7V E S 5%
KR R/E; &R W JE; mRMR Hi%; AdaBoost 7 ik
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Devadas %1 Mahlein %5 Fi #.[X 7 )5 22 /3 T X Relief
F 70 3 H KR AE T [R]— VR4 1) 22 o 54T 1R )
I o 2 52500 b R 2 4 Wi A0 BRI B 5 0 7 40 il et
& 48 G AR AN /NI AR R AE AT 736, R FH A e />
—3[al)H (partial least squaresregression, PLSR) 2% /s
F AR L AT AT AT . EFERI TS ETA
HFFE ARG IR 7 T e 48 J80RT /N 22 245 o 7 B B2 11
WTTIERAT THRVE o DL RS T ol o 32 B a0 2 ST I
RUAR AEdE A 3 DR BE R dU I I I 2 v, 22 A it
LS B R R IR A, oo DCIURE R EY e R k4T 1
WE I TR 7T . Manuel 518 R] F 19 wZ 5 0 AT g
BLE G S 1) 22 FhAEL A 18 450 h 07 028 LR PR BURRAE, R
FAZEPER 54T (linear discriminant analysis, LDA) f1
SHFIEANL (support vector machine, SVM) 7L T
A5 P LLH BN ™ B S A TR T . Yuan 2@ 5 T 46
56 RN B AR A Ber A\ T 52 A5 S TR 1) Ak 22 38 SRR AR Hh 7 12k
S 2 MR, R 3 ROREIEME T &NEA
KRG R, TR A S B SRR
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WIBFFE . A2 EIRXHVEYDIR dUF 10 I e 75 b, 43
S5 VTR T SO S M A 3 T T B D B A A
FRTT IR R b, PR A N\ AR B (R BT I BT TR
b, R I I R R AR DG A T B T R A5 VAR

SR, TEAY B IR I A S AR b, RIS e
R A O W, T S LR S VRS A A Bk
JUARFHIE SR SE I, B 1 A (1 7 ks FE ANz
THEREDSS  — s 2 BN TR e KA DS (minimum
redundancy maximum relevance, MRMR) 254 AE R4
FHTEG R SR8 EREARSEARLX 73 J
PRIRS W ST e $ B4 7 BT i 45 50819 Huang 2520
I Mahlein S5 F Relief F 4507548 H 18— i BRI 5
BVA — b K 22 0 1 e I 4 W) S DT AL A i B 0 i et
ANERFIZRN 3 FPAN [ AT W R T, 45 SR
BT 48 Kk % W WA A0 5 HLnT SRR . Unler
2RI mRMR &5 40013 (particle swarm optimization,
PSO) HIIREHVE (mrPPSO) BEATHFAELEEE, RIS H:
] Lo AL UM B HERE AR EEAT IR, IR 2
PP AT LA, 45 SR 3R W2 VA 40 JORG A B
Berp R4 ). BEAHSRmEE 3 Morike
MRMR 5% 3% #¢ 45 2 R C5.0 F1 K- 40
(K-nearest neighbor, KNN) 2 Fh4r 52831138 K 1% 5
e, FaE RIS 25 1 43 SRR AN AR BE A

NG Ak =

BRI R S I T AR N A
EPEZE . MR NSRRI, B TR IR R BT 1 7 0
VENIR B AT I N9, AdaBoost vk e #4 tr
B B AR N0 WS e 1D 55 40 R AR B T o0 RS B v 1 4y O
B, NS EE R BT SR T i AR 1 5 iR
HAT, ZHEFEHTFS5 ORISR, BRI
SCRS R T SRR TR S A 44 I B6AIE, A A 227,
WA T2 FH 2P0 35 1 K R 78 o AR SC AR PE 2
AP PG IR FE X 38, T Landsat8 1& BRI
BN ZARRAEAZ &, 4 AR AR S 43 T (correlation
analysis, CA) Fl mRMR Sk MR B 2 20 B
RFIEAS B, N F] Adaboost 751k M H I 43 2507 12
Fisher £k 1: 51517341 (Fisher linear discriminant analysis,
FLDA) FISCREIEML, A5 6 FlivNgz (ORI kA e L
FERE R AL, IR L SR AT X L AT

RS
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Fig.1 Geographic location and spatia distribution of sample points of study area

1.2 HHEIREL

FIT FE A0 2 B0, 8 3 SR A /N 22 K s e T 9
BiE. BEKEEE N 2014 4E£ 5 H 11 HY—5 Landsat 8 1%
BFAZ . /N Ry L TR A 0 T 2014 45 5 H 10 H
CUNEAHIEI) RBP4 b~ F R P SR JE & 3518 . A
PEFEHLEL 1 mx 1 m BIFETT, FE5 X RO 2R Ak
Fr AWK ks B TR GPS itk . R 5 AAEkIA
7, BN AERE T BOSFRIG 5 s, &R SE 20 #R/NEE,
KA “0-9 gk ” 10T E I EALRE, AR
FEHRNEE SR 9 B, R E BARIRIEFE NS 1
BEE 9B, R 1 ANEMM S SstE. o Hlic g AR
go)E, KA (D 1HEpETEE (diseaseindex, DID.

f
ol o220 100 (1)

n-y f

K X RARIREEL n AEEBON 9, f A KIS
MIRREL .

BILIREUT 43 NEFAMAE S, AR LT 2 2N
WSO b X R, BFF T R P B R Ay R RE (0 4D,
HI1#xR, Bk (1~390, HIIER, ER (4~99),
TR R, 3t 3 AN GG AT M A F 2
1.3 BRI

%, Xf Landsat 8 BRI TR whr. KA
IE R By S AL . MR 24 b i A A A 2 7 % L
Pis 3 v B B A 43 B B 45 A B KR o FR IR SR BT
FX BN R X (& 1b).

B, T PARER G (18 B B IR LS T A 2R
TR ECR AR E S . ASCIRE T Landsat 8 1. 4%
2T JIT AT AN B S5 2R R S R U AL Bl P 8, LA
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FeRAEAEBEIN T b 35 (land surface temperature,
LST). % 2 X515 T T 2448 F 201 3 FhiE 48401
BRI E A Fiok, IR R AL AN 11 B,
FH 5 FH (1) BR300 38 B0 SO 3RAS i 90 Al e AR 4R A
T SRR R (Greenness) L K IR 45 £ (Wetness),  TL2A
J—it (2) ~ (3) ﬁﬁ%

Wetness=w, -b, + W5 - by + W, -1, +Wg - 15 + W - b + W, -b, (2
Greemness=g, b, + 930y +0,-by +095- 05+ g5 s + g7 b, (D
AP wi, g (122, 7) A S BB B R E (R 3D, by (i=2,-++,7)
NS BB A

xR1 NEEMBLERESRIE
Tablel Grading standard of wheat powdery mildew

occurrence degree
g pk OB 939 15 i 1
Level Resstance  Description of powdery mildew occurrence condition
0 B AR
1 WL B LBCREOM T DRORE CRBEETHITR 29650 F)
2 mPL AR 2 R BRI R OB, 5 1 B R R R
5 O BE S AR 3%~ 10%)
3 L B 3BT REERR, B2 B R ORBES
AR 11%~25%), 55 1 Bt f ™ d R
4 L 4 B TR, 5 3 By KLU
B R
5 U 35 BUH RN, 4 BUR LU A R
R
6 ik 6 B T RRBER, 5B 5 BRI LRy B E
EV 3]
7 R T B IR, 5 6 BURILLLTR A B
R, AR
8 R R REE R, B DU b e BE R SR
9 Bk HERRI RN, AN FIRERE R

®2 FREREHEZTEAR
Table2 Vegetation indices based on wide bands

TR E 45 BB a4 225300k
Vegetation index Abbreviation Description or formula References
A1 BRI L 264 5L
Simpleratio index SR Rur / Re (291
AR (Rur ~ R/

Re-normalized difference RDVI [30]
vegetation index VRue + Re
bR RAR AW g 7S K (e _ /
Shortwaveinfrared water ~ SIWSI (Rur ~Rour) [31]
stress index (Rur + Rawir)
¥ Rur NIELLAMNE B R R s RRANLBEBIR ST Rowir NI L ST
BB RS R

Note: Ryir means near-infrared reflectance; Rr means red band reflectance; Rswir
means shortwave infrared band reflectance.

1.4 $FETEMERIERIE
1.4.1 mRMR (S TARRML) Hik

MRMR 503252 3 {5 B G ) R AE e R 5005,
L 32 AR MRRAE 25 (8] R TR 5 H AR AT i KA %
EHEN e FIVTWS G 2N o (1 o2 o ) 2 T
SR B IE 5 P RFIE S5 I 2 B RRAE SRR AE 2 T
kR e 323

*3 TEIETHRIEE Wetness, Greenness HRR EX R
Table3 Corresponding coefficients of Wetness and
Greenness by tasseled cap transformation

W E% Bands
o SETAN LT AN
ARG pewer mom B EOANEER  WE1 W2
Index Blue Green Red Nearinfrared Short wave Short wave

band band band band infrared infrared
bandl band 2
LR AR A 01511 01973 03283 03407 -0.7117 -0.4559
Wetness
ESELES
Wife#r 02941 -02430 -05424 0.7276 0.0713 0.1608
Greenness
SR HRRHIE A R R REAE 5 28 0 2 R) R AR G B
1
D=— > 1(%:c) @)
18/5=5

K SHRHEES, c ABEIA, 1(%;c) NFHE I FTH
P00 ¢ Z A HAS B .
FEAEEE HRRAE 5 REAE A AH DG BE N
R:i2 D%, %) (5)
|S| X, %€S
A1 (%; X, ) NRHIE | 5R-IE | 2 M EAS B
B 2 MR X, y Z IR EAS RN
p(X, y)
1Y) = || Peylg (6)
b pOALE x FIREEE, ply) N EE y FIHEZE, p(xy)
Hx Yy MEANEE.
A4 (BRI mMRMR JE N, it max @ (D, R) »
23] mMRMR Ji 0] () BLAS AR :
®=DI/R @)
TERIARAER AN -, R ES RN EIES B
RAFAE 4. BE LA m-1 MFEHRIFFIESE Spas
TETR T IR AR, X—-Sna} TOEFEEE m AN 2 N 2ok
IRFAIE :
1
&Q%ﬁm&pwazggéumwﬂ (8
1.4.2 4IET 2k
T B R S LI T R AR R R RO R AIE A A
WD RL, v DU AP B A MR B . ST
9o U MR DRI 00 A T VAT e TR E AT, TN AR AR
AR EE PR ITIERITE TN D o ARSCEE LR 2 Ry ik
HURFEAS &, A8 /NS R i A 7 B R B M 2R
5L, 16 SPSS Al i A S ME A T i SRR AR S R
R A AR AR OC R A, Tk A B R E 2 R
(P<0.01) fAH4E Wetness, LST #1 SIWSI 5 1 4HA454E
. 2J5, FAH mRMR SiEEFHE 2 HFHERE
Greenness. Wetness. LST. RDVI f1 SR,
1.4.3 AERIMIE
AL HL AdaBoost By A6 K R /NS R s 18 Ik
WA, AdaBoost /& Hi Freund F1 Schapire #2 1, H i
A RRIE 7 85 25 (1 48 R0, 2 ik i S A R AR
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FAFE T KR BB 8 0 K 8%, K H% 2 i 7 K
B N5y SRR3R 42 26 2557 . AdaBoost ik
VIR =y K, ESEPR L2 R EE, K
BT IR T 22 2 JEIT 10 = 7 AR 2 23 S R R
AR, XA R A EOE TR S 5
KAANRN 557> Keae ok M, TSR AR AR N2 73 K TG
FIOP A X — AT . el — X AR A SR
fi# AdaBoost SLEEI Ttk 3 433 (fERE. Bk HAD
M. %R RS T

L) IAFEALE S={(xyn), (XY} > HrfT, % € X,
XHUGE, m=|X]: yeY, YAFIRELE, k=Y,

(%, Y;) AFE—FEAR SR RRAE A5 B R 00 I 1) 2 53 A
2
WA DY) =1/mk (1<i<m,1<I<Kk) ,
ARIHEAL 53 A
W ESupiy
IR T IR
@© F58 t YRS I3 D (=1, T A TIIZR5S
%20,
@ BREFMN h: XXY—R, HI5% 8574
@ W h AR AL AR
o —Eln(1+ r
2 M1,
BV oS ESP N NSRS E S RV Y EPS caif]ca
R AW
=2 DDyl (x.1) (10)
il

L (%, 1) NIOIFFZE | e Y A RIZES x T, 3
BB 1 FEIM AR T35 2

) (9

EHAUE
Dt+1(i,|)= Dt(|,|)eXp(—Zty|[|]h[(X|,|)) (1D
t
ﬁl:':l Zt =4/1- rt2 j‘juzlg/f’t%O
D 5 2 1) TR BN
H(x1) =sign(iath[(x,l)) (12>

=1
2 HRES

2.1 FHEWIHE S5

FH 2 FRER ST AL 2 HAHEAR SR
NAE i, KH Bk AdaBoost 7715 K # F4r 357510 FLDA
A SVM R WEMIAERY,  FExt H g B AT LA T BV
FE @S Spearman Kt A, St EZSHAORE
Somers D. Kendall's Tau-c #1 Goodman-Kruskal Gama,
BEERIA[-1,1], HAEBOR, MIBASKE k. & 4 %)
T HARZHE, A ATELE H, AdaBoost 77 ik T
2 BRI Spearman FHICTESA S T A% 2 K, FLDA
AT SVM #EA I 45 mRMR S Gk - e T id SVM I
MR (MRMR-SVM #8018 TR EE K. HHA
3 M HUEHF PN AdaBoost R AR, FLDA FR781 i

fiX, SVM BEEIAF = 2 8], [FHILE 6 ANEMEA s, 2
™ AdaBoost % Fl mRMR-SVM 856 87 2 304 BA 5
THAMBEMAR, Hrph mRMR 5155 % B 4E fr
AdaBoost 3 i 7 (mRMR-AdaBoost 15 #1) A fir 4 # 74 rh
. MeAh, 78 3 MR R WA mRMR S0 e g
TEFT 2 I WA A S 5B = T CA AT RHIE Pt e
MR, T AdaBoost 774 & mMRMR 20 ik
HE DR A A R A S ) M S AR P e s B
W EE 4 2014 4F 5 A 10 H T I &5k %t 3

JHERE R W &5 kAT Tt — . 3R 5 A% T 3
FRERAETIENT L 2 FhAS [RIRFAIE I B SV T e R AiE T 2 1
MAERIR 2 BB SRR E DL Kappa &3,
MHTETLAE H, 2 4> FLDA Wil BaAY KSR & Kappa 7%
AR AR, H mRMR-FLDA KRG RS B K
Kappa %0 E, 1H{0A 60.5%H1 0.321; 7£ 2 > SVM W
WAL, mRMR B vk G % 4 4E BT 2 R 0 R A

(MRMR-SVM ) & K Kappa 2505 518 79.1%F1
0.652, =T CA JiiideRe /it Fir g I M A4 (CA-SVM A5 4Y);
7E 2 4 AdaBoost I MR o1, mRMR 55907 1% Hi FRRFAE
AR B (MRMR-AdaBoost #5) fr) s Ak i Jz
Kappa ZECH5 514 88.4%#F1 0.807, T CA Hikjiik
FRAE A (AR (CA-AdaBoost #57Y) 1] 81.4%71 0.685.
o Bt 3 v i A DN T f S AR R B, st CA A
MRMR 5320143 2 1 2 ZHAFIESS & FLDA 7718 % SYM
T3 15 B RS AR ) R ARG FE U AH B HRRAIE 45 A AdaBoost
T ¥ T S W AR 43 M 27.9%. 27.9%F1 14.0%. 9.3%.
M 2 4 AdaBoost 174 1 mRMR-AdaBoost 157 (1) W I
L CA-AdaBoost f 7 57 7.0%. S bb 2 Flt 7 2 iy g A 7Y
HIRAY - EE TS BL AR I, FLDA WallBEmY (R4« 5501
LA A, SVM IR 2, AdaBoost il
A%, M CA Al mRMR 2 FFAE 5 3 Sy £ FE 0o LA
BURIR 7 B IEOUR I, AN ) 732 B A A v 1) R 301
N CA BLVETRGERFE T 2 W DA AR ()3 4« AR iR 22 W
5T MRMR S0 G 8 45 A1 P g B MBS Y . 136 B AdaBoost
T34 B g A A R () P kM v FLDA Al SVM J7 v i i
IR, mRMR BIETRE B )RR B g s AR 2 g R
R ST CA SRR R iy 2 e U AR

< 4 AdaBoost #EEIFIHIE L EIEMN
Table4 Evaluation of fit goodness of three AdaBoost models

R SR I GiitES 4 Statistic parameters

Model Feature Kendall’s Goodman-

. Spearman
approaches  selection method SomersD ) Kruskal
relevance Tau-c Gamma

Fisher £t HHRMESHT CA 0.223 0.186 0.149 0.489
LI YN SN

FLDA  jygiy: mRmRr 0360 0342 0294 0531

SN MM T CA 0.368* 0.351 0.263 0.609

BILSYM gt etk

FIEEE mRMR 0.761***  0.735 0.662 0.940
-

AdaBoost it HT CA
BNTURIKR
HREE mMRMR

0.778***  0.756 0.662 0.953

0.868***  0.853 0.769 0.983

M *FRIAF] 0,05 B3RP, **RIRIAF] 0.001 BE AP
Note: * means the significant difference in 0.05 level, *** means the significant
differencein 0.001 level.
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Table5 Overal verification results of monitoring models through three methods

[ XWIRTR FRIE IR SERREA FEWEE e PR Accuracy indices
> AN
Modd  Featuresdlection .. ncinoles fBE HK WA MM RARE AR R Kappa 7%
approzaches agorithm Healthy Slight Severe Sum Omission error/% Commission error/% Overall accuracy/% Kappa coefficient
{5 Healthy 20 15 3 38 9.1 47.4
%K Slight 0 0 100
Mt BR Sig 535 0125
CA ER Severe 2 3 5 50.0 40.0
Fisher £t AA Sum 2 15 6 43
P55 BT -
FLDA ST i B Hedthy 16 1 26 27.3 385
WML % Slight 1 1 60.0 455
mxs ox Sig 605 0321
MRMR HR Severe 2 4 6 333 333
JF1 Sum 2 15 6 43
fi#fE Healthy 20 4 32 9.1 375
; Slight 0 53.3 222
ks HER Sig 67.4 0.397
CA HR Severe 2 2 66.7 0
S HAT Sum 2 15 6 43
RN -
SVM fi B Hedthy 18 3 o 21 18.2 14.3
BONURER g glight 4 1 1 16 26.7 313
AR . 79.1 0.652
mRMR HR Severe 0 1 5 6 16.7 16.7
JF Sum 2 15 6 43
fi i Healthy 20 0 25 9.1 20.0
S b4y AF )k Slight 0 1 400 18.2
L BSLZ N V& ig 814 0.685
CA ER Severe 6 7 0 143
SAAT Sum 2 15 6 43
AdaBoost
{5 Healthy 20 2 0 22 9.1 9.1
BNIRER 9 gight 2 1 0o 14 20.0 143
AHREH . 88.4 0.807
SR Sum 2 15 6 43
2.2 INEAMRAETERZEEN R, B 9T LA 2 FRARRAE G 3 B 0k Hh R RRAE AR R A

3 MEBEL & 2 ML SR TR AN A AR, FURRH SVM 7k Al AdaBoost T i
o3 R AR P AR M IR VA 45 R R, 2 A FLDA IR R T BEANBR AL IX, R 5 X v /DN 2 T kAT
ML B RORERE Oy 6 M p i IR 24>, HABRORERE M, 19 BT TEIX /N2 PR A 2B 7™ B T 1A 25 8] 3 A
B th A4 60.5%, Joidk SELE A BCAE A I, (K 2).
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T LI g FT T T ~— T T T T T 14
N I ; )
Z 4 5 z %
=3 3 W= e
2 | 3] EE: D sid s e
B % 3118z -
% =
Ve S
=3 = e gl
5 B 44X Healny o Sy ]
1y [ | Health 2
& -ﬁZiIZ Slight area % & e Z
! EZ{ Severe area ;c I | I I 1 L | | L %
107°40'0”E 108°0’0"E 108°20'0"E  108°40'0"E 109°0'0"E & 107°40'0"E 108°0'0"E 108°20'0"E 108°40'0"E 109°0'0"E &
a. CA-SVM b. CA-AdaBoost "Z’
107°40'0"E 108°0'0"E 108°20'0"E 108°40'0"E 109°0'0"E % 107°40'0"E 108°0'0"E 108°20'0"E  108°40'0"E 109°0'0"E &
FT T T ~—7 T T T T T = FT T T — T T T T T (=}
z ' 3z %
=) SN &
2r 1. &
o <
3 £ 3 g
L E,% + q4
z d E 3
=3 o N
s : .
T Z % =S
S > Nl =}
| 1 1 1 | I 1 1 1 ;O 1 | L 1 Il 1 1 1 1 g._
107°40'0"E 108°0'0"E 108°20'0"E 108°40'0"E 109°0'0"E 107°40'0"E 108°0'0"E 108°20'0"E  108°40'0"E 109°0'0"E

¢. nRMR-SVM d. mRMR-AdaBoost

B 2 SVM R 4= AdaBoost A28 I -~ & & 0 sd LR & AL Z 45 A
Fig.2 Spatial distribution map of wheat powdery mildew with different severities by SVYM and AdaBoost models
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M2 R A E AT DUE H, CA-SVM 8L i
M &E AR T X N FEAR E eI o d g, RA%E
BRI, TEAFRT R 3 MER; mRMR-
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Remote sensing monitoring of wheat powdery mildew based on AdaBoost
model combining MRMR algorithm
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Nie Chenwei?, Tang Cuicui**, Zhao Jinling*, Huang Linsheng*

(1. Collaborative Innovation Center on Forecast and Evaluation of Meteorological Disasters, School of Applied Meteorology,
Nanjing University of Information Science & Technology, Nanjing 210044, China; 2. Key Laboratory of Digital Earth Science,
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3. College of Life Information Science and I nstrument Engineering, Hangzhou Dianz University, Hangzhou 310018, China;
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Abstract: Wheat powdery mildew has become one of the most serious wheat diseases in China, so it is necessary for using
modern remote sensing information technology to improve the monitoring ability of the disease for guiding disease prevention
and ensuring Chinese grain production safety. Feature selection was one of the key issues for establishing inversion models,
and the use of good feature selection method would make a direct impact on disease classification accuracy. In this study, the
Landsat 8 remote sensing image was used to extract total eighteen characteristic variables. Then, we got three groups different
features, and Wetness, land surface temperature (LST) and shortwave infrared water stress index (SIWSI) were obtained by
correlation analysis (CA) algorithm, and Greenness, Wetness, LST, re-normalized difference vegetation index (RDVI) and
simple ratio (SR) were obtained by minimum redundancy maximum relevance (MRMR) algorithm. The basic idea of
AdaBoost method was through a certain category by using numbers of weak classification classifiers to get a strong classifier
which has great classification ability for improving classification accuracy. It generally was used to solve the binary
classification problem, and we reformed it to solve three classification problems through dichotomous dismantling way of one
against al. Then, we used it and common classification method Fisher linear discriminant analysis (FLDA) and support vector
machine (SVM) to monitor wheat powdery mildew occurrence severity (healthy, slight, severe) in western Guanzhong Plain,
Shaanxi province, China through three group features obtained by three different feature selection methods mentioned above.
Model with mRMR agorithm combining AdaBoost method (MRMR-AdaBoost model) produced the highest Spearman
relevance value (0.868) in six models. Moreover, the values of Somers' D, Goodman-Kruskal Gamma, and Kendal’s Tau-c of
mMRMR-AdaBoost model were the highest than those of models with CA agorithm and models with mMRMR algorithm which
constructed by FLDA and SVM methods. It indicated that mMRMR-AdaBoost model had a better performance than the other
five models. The validation results showed that, the overall accuracies and the Kappa coefficient of AdaBoost models with CA
and mRMR algorithms were 81.4%, 0.685 and 88.4%, 0.807, respectively, and they were higher by 27.9%, 27.9%, 14.0% and
9.3% than those of FLDA and SVM models with corresponding selection algorithms. The overall accuracies of FLDA, SVM
and AdaBoost models with mRMR algorithm were higher by 7.0%, 11.7% and 7.0% than those of the corresponding
methodological models with CA agorithm. Furthermore, mMRMR-AdaBoost model had the lowest omission and commission
error in al six models. Additionally, compared with the spatial distribution results of wheat powdery mildew severities which
mapped by SVM and AdaBoost models and combined with surface survey results of wheat powdery mildew occurrence
severity, the mapping results of MRMR-SVM model and two AdaBoost models were similar and close to ground survey
results, and among them, the results of mMRMR-AdaBoost model was the closest to ground reality than the others'. These
results revealed that for remote sensing monitoring of crop disease, the application of AdaBoost method had a good prospect,
and for feature variables selecting of crop disease monitoring model, the minimal redundancy maximal relevance algorithm
had more advantages than CA algorithm. The study results can provide a method reference for monitoring of other crop
diseases.

Keywords: diseases, remote sensing; monitoring; wheat; mRMR algorithm; AdaBoost method



