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Abstract: Leaf area index (LAI) is an important parameter of crop diagnosis and yield prediction. The

LAI of winter wheat obtained from Beijing city had been estimated successfully by support vector
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machine regression (SVR) model built with LAI and wavelet coefficients of hyperspectral reflectance. The
inversion results of this paper method and other five methods, such as selected vegetation indices and
partial least-square (PLS) regression models, were analyzed. It was found that the sensitive bands to
assess LAI were 680 nm, 739 nm, 802 nm, and 895 nm, and the corresponding wavelet decomposition
scales were 8, 4, 9, and 8 determined by continuous wavelet transform(CWT), respectively. The decision
coefficient (R®) of regression equation between LAI and wavelet coefficient was significantly higher than
that of between LAI and canopy reflectance. The SVR model based on wavelet coefficients performed
best with R? of 0.86, and RMSE of 0.43, while the regression models based on two common spectral
vegetation indices (NDVI and RVI) performed poor in estimating LAI of winter wheat's multiple birth
period (R*<0.76, RMSE>0.56). It can conclude that the pretreatment method of CWT is better effective
for selecting sensitive spectral characteristics to LAI. Meanwhile, SVR is more suitable for developing

model in LAI estimation than PLS regression. The combination of CWT and SVR is feasible to realize

% 44 %

remote sensing inversion of LAI in the whole growth period of winter wheat.

Key words: leaf area index(LAI); hyperspectral;

support vector machine regression(SVR);

0 5] &

I i BLEE 2 (LA J2: 4 B 07 3 3% i B L AR ) it
BTG AR R, SRR Bl R TRE R S Y T
RO Pl vE 2 A Yy it e | S ROE ) B0
AR DA R AR A B DA G, [l 2 1 2 A 2
R GLHE ARR  E R T Ak LAT 382
ROBRAE RS B A B REEN S —,
PRl b S ) 2l 285 M AR ) LA S A g 4 38 i i =
A B X,

RGeS % B LAL i 55 ey % 07, JFH
AS A A A b A IR B LA ARD, Y A S B i AR
RSN N N o L I % PN TR 2
WG LALRHUE T —A A i TR F AT, 12
SR R HE AT - T AR RO Y T 8 T LU D Y
2 GRS R AN B R 2T B R B T A
—EFEE FARRESEEL LAT pAfl, (H2A5A — & 1)
BRI, anoe s & 32 2 /) T L | 2B RORE P i
FELWETE H0z I Be s K Wy BB 1k 1 g A S8
W2 HARK bR 55 AR /NS4 A S5 1)
BLSVM)AE g3 2422 Bk B 2 ) 12 7 FH B A ol 328 J3%
T RIS T AR O R B I A R i SR
N e BE SR S 1 23 ik SIS [+ RLBE B8 4 41 7y
HETA I G0 A5 5, LARAEAR 5 00 Jm) #9335 R AR

continuous wavelet transform (CWT);

partial least-square(PLS)

P AR 100 45 B Ak 150 X6 6% 1 2 S5 AR R LA R
FLAT W38 A JR ot o, /N 73 e ) S 3 o B R e A
A 1 A 0 2B B S 00 3 T REAS 3 78 4 R
SVM 2 5E T F /b 5 48 AR A 3 il i 22728 o
WE, 7z 20 5o RO LA i f b BB ml L
iy A% BE A B, SURT DR S aed 2 > ()t T
I EE A I B B RR IR B KRG,
FEFRIH SVM T T 2275 1 R H R, 20200300477 2500 i
T, 1 S /N AR ) R LS BRI A H ARG G Sk B
AHLEEA, TR R B 8 LAL, S8R5, HATHY
LAT 3% J8% S T84 2 B 1) /N A8 5 51 % SVML
2, A H B BRI 7 3R 25 5 R BN LAT B9 9T
SCHVERE NI AR T AN B DG B, e
T LAL e BURM 5 5, 805 F R s AL e
(SVR)EVE# T 4 /N#E LAI [ B | B0 )5 4k
B B B A B AR T BRAE IR AN £
AN B I LAT F2 RS B

1 ST

1.1 XIEHER

R XA T AT B XN g I AR O 7R
e HiAbAb A5 40°117, ZRE 116°27" R ARZEH K
TR (14 8 ek T 2 R B 2 U, IR AL S i
+ . R E T 2003 4F 9 H & 2004 4F 6 A, 7E 2004



%14 Z HRFATIETRE IFEw TR L D Err@RIGHMEL 337

ELNERESH@ A 1 H) ki@ A 15H), 228
W4 A28 H) F4EWIG A 10 H) #ERBIG A 19
H .5 H 28 H)Zr il R A SC 5 U8 |, 4t 125 DA
SUBOE  Ho 709% M REAS S 800 T ST AR 30%
AOREAS S 80HE FH TSR A B0k, 0 aSOR5 8 1) SR AR
N A AL FE i J2 6 Fil LA,
1.2 BEHIEF LALE

{8 FH 5% =] ASD 7 H] 4= ™ FieldSpec Pro FR Jii
A, BEBEAE D = TE R KA, FAL I ] 10:00~14:00
RARA/NAZ R B BRI 2R REI AR SR
(A)3EEJ2 0 o W B, Sk T 1) R 9 B 2 AR
1.3 m RIS, 760271 /5 Y 40 cmx40 cm BaSO, K¢
IEARRE IE , BN SRAE S A2 20 W, U2 (8 Ok B
Je W0 e el 2T A S, R 7 A T R
P BURETE AL R 0.3 m?, W HURERE A A SR (0 9 R 4%
Hh b ] S8 2 SR Bl I R ) o i TR 5K
1.3 NETHR

JINIRE AR K AN TRV AR A TR A 15 5 T o R
ANFEVE E1 o SO R A HUE 5, v DLRIEAS
S R RIS R AL /N AR SURT SRy i B/ N A
e (CWT) FIE BN B 45.(DWT) , H1 T DWT 7E4i i
SHEGIEAT I LR R, SO SR CWT 284,

JINUE PRI 2 3 3R] — B R B2 3 A 4 TR
8] — R EUF A, A,

& ST
7 W(N)dA=0 (2)

I WO g /NEEEE R R, 6 2 A 2(2) 5 A S IETE Y
BB a G5 b AR IN T il i S SR /N
ARSI SR OGS AN/ N AR e SR

©

Wia,b)=<f(A), ¥,,>= J SN, (M)dA 3)

—

BN BB Wia,, b)) — A 4 (mxn) 1Y
&, 4300 A 0 il RUBE g B (i=1,2, -
eun), BTCEMEARR T — A/ INE RS, ST X
I T DGR 5 R /MR AR DR
1.4 ZFEEHEIYI(SVR)

AR HL(SVM) 2 Vapnik 2542 H1 09— FpbL 28
22 07 W TS A A RN [l I [a] e S

m,j=1,2,

Frm AL EE (SVR) B 5E F 4P 111 pREL f(x)=wx+
b WA B (x,y),i=1, - ,n,x; e R',y, e R B[] &1,
A SVM JFEE, 1A & RIURZE N RVr Gt
PTG OL T BURS  IR 7 & F &, H &M & IR T4
T 0, D) a) A ik oyt

miné—llwll2+C 2 (&+&%) (4)
i=1
Vi—wx—b< e+§
S.t i wx+b—y, < e+&* (6]
&,6%=0

A SRS TR EZARRE T 8 U2 T
DR2E KT 0 H B C AR M AEST 7 sl 1E 4k
B, D IR 2R AEA RS R L SIA
Lagrange .15, XJ Lagrange AT oy, a* T K AL H A5
PRI, 01 51 PR B o) U AT 7R

F(X)= 2, (=) (x,x)+b (6)

Sk

S PR 611 7 3 1 L S B 4 25 ]
(1) 8 A P T Sy 2 ) 9 8 [ S 7 1 4 2
[ EA TR 0 R B A R R B 5
P ARG B BT B R L ek
f(x)= D (@—a)K(x;-x)+b (7)

EEEDIY

H B R A 2 50 A% R BL(POLY) (R 5 5
¥ R %% (RBF) Il ANOVA #% R 5L (ANOVA), %
HR G HEA R EL(RBF)

1.5 i tEwIsHaiEE

23 W AR 3 v 22 B B s 0w T T i T R R
ST, SO HR 3 U R 0 5 i el 114 VR e A i . U
— AL AE B H5 B (ND V) AT ECABAE 8% 78 20(RVI), NDVI
FRVI (3R ANTE .

NDVI=(R;—R o)/ (Ri+Res) (8)

RVI=R,;/Req (9)

o Ry Reea 705 F2 7R U 2140 (800 nm) |, £15:(680 nm)
W B SR

2 BZRE5S

21 BINEXERGES LAI WEXSH

MEL 1 (a) BT A SR 4 1 45 U B I 5T R
XA /A LAT BIAR G231 (n=125)45 R 0] LUA
A /NFE LAL 5 350~700 nm 22 8] #4956k 22 S S5 R A7 £E



338 s Gk A2

% 44 %

B AR SE R, I AE LB 73 A 6 A 56 R 5K
(r)ik %] 0.68;760~920 nm 2 [8] (1) 5 )2 [ 5 5 4/
&% LA A 7R 5P I IEAH G SE &R, MO RBUPRAFRTE
0.7~0.8 Z[H] ; 700~760 nm 22 8] 1) 7 /2 K2 51 3 5 48 /N
7 LAI YA C R BB AEOR , i 1035 1 SR OG22 R
FEMIEADC, B 1(b) BoRmhe RE(R) SHIE R
AR —3, & /N LAL S 760~920 nm S
T S5 R B A M B, R2 AE 0.5~0.6 22 J8], Hik g
585 ~690 nm Al 480 ~520 nm (1) X & F 1% R 4
0.44~0.5 Z [a] , F4£ 502 nm 649 nm . 778 nm A 860 nm
4 AU BEAL R B R,

0.8-(3)

0.61

0.4r

0.21

IS oF

-0.2r

-0.4F

-0.6f

-0.8

450 650 850
Wavelength/nm

0.6r

0.5

0.4f

% 0.3F

0.21

0.1F

250 650 850
Wavelength/nm
1 &/ Z2 T AR 05 63 S ST 3 19 AR 56 23 B e it [T
g
Fig.1 Correlation and linear regression between LAI and reflectance

on winter wheat
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