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Estimation of Wheat Leaf SPAD Value Using RF Algorithmic Model

and Remote Sensing Data
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Abstract; As one of the machine learning algorithms, random forest ( RF) regression was proposed firstly
to construct remote sensing monitoring model to inverse leaf SPAD value in different growth stages of
wheat. The experiment was carried out during 2010—2013 in Jiangsu province. Based on the wheat
leaves and synchronous China’ s domestic HJ — CCD multi-spectral data in the jointing stage, the booting
stage and the anthesis stage respectively, the relationships between SPAD and eight vegetation indices
were analyzed at corresponding period. According to the selected vegetation indices which were
significantly related to the leaf SPAD value in the 0. 01 level, the model for estimating leaf SPAD value at
each period was built by using RF algorithm, namely the RF — SPAD model. At the corresponding
period, SVR — SPAD model which was based on the support vector regression (SVR) and BP — SPAD
model which was based on the back propagation ( BP) neural network were constructed as compared
models. SVR and BP neural network were both machine learning algorithms. Based on R* and RMSE ,
the learning abilities and generalization abilities of three models at each period were analyzed. The results

showed that the RF — SPAD model at three stages presented the strongest learning ability, which its R’
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was the highest as well as RMSE was the lowest, concretely, R* and RMSE were 0. 89 and 1.54 in

jointing stage, 0. 85 and 1.49 in booting stage and 0. 80 and 1. 71 in anthesis stage respectively. RF —

SPAD model’ s prediction ability was equal to or higher than the reference models which R* and RMSE

were 0. 55 and 2. 11 in jointing stage, 0. 72 and 2. 20 in booting stage, 0. 60 and 3. 16 in anthesis stage

respectively.
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regression  BP neural network

51

TEMI R S5 b b, i R 2 R s IR e 1
VEWIOG & RE Iy 1 5 5585 1B 5% A= BRAR B0 A9 45 36, 7T LA
38 3 0 S A I A R A M D A RKOIR B o A 0
GRF SRR F A ORI R ROR A
O TEVE AR T IR SOk A o X BE Tk AR HE L (R 2
HRE I B A7 BR A R A B, BB R B A R
PE' . SPAD(Soil and plant analyzer development) I
ERFRALIE T H AT i I 5E AR i ) £ 45 AR
i T DU I A e 2R R R AR R, B AT
PR R A TG I A R R, B RTER P E BT
12 A8 Y AR AR i 00 242 fk ) 5, HL W i R A
—A R, TR K,

T A S BUARAE BBOR AR AT, AE % DR v A
SRR B o R TS ) 3 a5 50 3 =X s
VEY) M 25 38 AH X % & (SPAD {E) A3 1 — & iF
JEU TN SEAR SR A 2 T S AT S WL 2 2
Bk N T AR AE Y SPAD B B JEAE 5B 5E : 3C
BR(12 - 13 ] 45 fdf JH] 3 455 ) 4 8] 9 ( Support vector
regression, SVR) B ¥k 3% J& AL B AE ¥ SPAD {H; X
BRO2,14 550 £ T Bk T #2845 380 1 i) R AR
SPAD fH S SRR, 3ok 4 5 T AL 4% 2 > 19 O AR B
R Rz B R LR P, Sk Y
BRI A B B A B WL 1) R 2 20, 2 3 TR g A
PR NP RIS

BEHL % #X ( Random forest, RF) % ¥ & i Leo
Breiman Fl1 Cutler Adele 7£ 2001 &2 H /9 H T 0 2%
AL ) — R AL 2% 2] O 25, AR R iz T
AU H R[]I 43 B 5 1 P T 3 Ja
TR 77 T 9 SRR T

A SC AT R i st XN SR E S0 4, R
2010—2012 4E/NA 5 1 22 R AT AE 1 3 A
Wy SPAD i 0 [F] 25 3k RS HY — CCD #4443 #r
8 Fhiy FHAE B A8 B 5 M )i SPAD E 9 AH &, DA
0.01 7K1 3 AH G YR B A8 B o s A S 8, R
RF [a] 5 55 32 57 B A4 & ) SPAD B 28 8% [ 1 %
K7/ RF — SPAD #& &1, LL[] ] 1 37 /9 56 T SVR

il

Random forest algorithm  Support vector

FEvkH SVR — SPAD H1 7 i 3 F 2 11 14 # ( Back
propagation, BP) 122 64 1y BP — SPAD H70{f: %
B, X LE 3 R OBL S 2% 3 B 0 45 R A I AL
2013 4E % R TG HT — COD Bl 46 4 4 <7 o 7
S /N2 SPAD (A, 3 Fi S0 KR S04 L 5 7 S 2 71
T R /22 A KR 0 R 0 4R R A 7
W,

1 ##m7FE

L1 {I6% i+ 5 HEHKE

I 1:2010 4EFEVL IR 4 AR 22 38 R+ %%
M Al s B T g . BRI E AR R
FULS ~ 20 A, BURE IR 53 531 by /0N 22 $RT5 3R L 2 R A
FIFAE o 7645 4= 8 W00 B AR AR AT IORE B 1
BT AR 50 em x4 17 (475 15 ~20 em) , 3 HUZ
FE SR A SRR 15 ~ 20 %, B RAE AL E Y
% F 3£ & Trimble 23 &) 4= 77 ) Juno ST I F-FE= GPS
HEAT 28 AL UR A, I 1c i BORE 5 A7 A L R A Y
N FEATFENFE R A A I R R R
HRE(ELERERE) R NERF R E 13
S WFE IS5 Bk 16 SHpHEE 2 5. B
/N ) e U 2R REORN JE AR I I N 22 Y £
FE A~ 1 8 1 3 ] (4% HJ — CCD 43 ## % 30m x
30m) WHR 10 AN 5, B L BE AL 20 F7 0t f,
FIH] SPAD — 502 B it 2 AL, 43 50 W % 4 5K it R
b R 3 AL s SPAD fH, THECE BEAE A
R iy SPAD M, #5358 20 5Kt Jv SPAD {11
BHEVE R ZAEAR M R i) SPAD {H., /N& 3 A4 F MW
(14 32 SRS, D e R R B W s R R S
25 W0 S I B HE e TR 20 1) HI — CCD 2154854 -

I 2:2011 4F 90 7R VL I3 48 48 2% 22 1 AR
3 HkAT g H s Em A R B R AR A 20 ~ 30 A,
HoAt [A) 5 1,

I 3:2012 4RI 7E VL3828 2% (L HE %Ak
KF4 Bty B R EAR RN RS 15 ~
20 A, HoAth [\ 35 1,

I 4:2013 4E IR TE VL I3 4 R 22 31 %Ak
X4 BT, B R E AR RS ~



513

EN G H T BEALARAR BRI 5L B /N 22 i Jr SPAD fR 38 A 5 261

20 A, HoAh R 1

I 1 ~3 RBCEARAE IR A T B
BRI 4 IR BUEUE VR AR B0 AE A, PR A8
1.2 HEHEEmLE

fd 1 ENVI K% HY — CCD % 3k 47 i 4k 3,
F2 A AR I AR LA AL IE R KRR IE . AR AR
] 9% U5 1L N o0 A A ) HI — CCD AR ALY 48
FENRSEOK 20615 B DN {8 5% 40 o B 52 B B
FI VL Z5 b X 1: 100 000 Hy JE [ %6F 5% 1% 38k 47 JL Ao KL
5 TE PR 1 18T 20 ) GPS 458 i i X 52 AR 2R 47 L
PR IE B O JL ) B IE S BE AR F 1 MR 0T R
ENVI 4.7 ) FLAASH B 5248 17 KA IE .
1.3 HEEEH

328 BRI T LA T 22 56 e R X R 1 A
FEB, ARG T £ 1 fiR i) HY — CCD S 3 [l 3
i HY WG B By (1 0.43 ~0.52 um) (GO E
B, (1 0.52 ~0.60 wm) ZLJE BE B, (P4 0.63 ~
0.69 pm) FEL A% B B, (P 0.76 ~0.90 pum)
X 4 ANk BOAL TN AT BE 1 8 AN A B e AL

®1 ERERESNITEAR

Tab.1 Formulas of remote sensing vegetation indices

HE W AR B4 R AR
I — AL AE B 35 % NDVI Rypyi = (B, =B3)/(B, +By)
YEY) AN 46 B NRT Rypi = (B, =B3)/(B, +By)

Roypyvi = (B, =B,)/(B, +B,)
Ryp =(B, -B,)/(B, +B,)
Rypspy = (B; =B,) /B,
Ryyi = B,/B;

Ry = (B, =B3)/

S0 )9 — LA B4 £ GNDVI

568 2 45 P N BB 4 4 % STPT

TS5 H AN U 4 75 5L PSR

L AF A8 Bl 4 4 RVI

+ R YR SAVI
[1.5(B, +B; +0.5)]
RUSA\I = (34 —33>/

VR 1 3R AR B 1 5 OSAVIT
[1.16(B, +B; +1.6) ]

1.4 FENZMEEEZE

RE & —FP 8 0% 20 07 1k, 4B 2 e e 42 1
X AR ) B4 7 A o A B T 45 R X R
RE J7 ¥ 64T 1 B SRR , 6458 2 A5 3 i 3 50 e 5 2 T
SSHMREA B 1 A A IR B I A L A AR
AR 10 5 A A, LA T A 43 0 A Ry B BIL 3 B
f) /0 i m P AR SRR P A AR 2 B T SRR TR L
PRl “BERLAR AR o F T U9 i RF, 3 33 26 B (1
2 L7 0] PR A R T 41

RF [ AR5 5 N

(1) B2 JH bootstrap M n A~ J5 3 K A< v A5 i [8 3
T m A B B RS R TR m R 1814, R Bl b
FIRTREARLDR T m NS I B4

(2) 76 BE AR 1) B A 55 5 4, A 1 p A A
TAR B LA & S4B A8 5 (h <p)  7EH AR

I8 53 ASCG A DU 35 SR e 06 0 A

(3) B AR AT 05 A% JF G 13 T80 T A A 43 R, B
EZIRT Y 2 N S A L

RE B35 MO0 fUR BAE - 27 2] i BB X TR
PR E A A | 2 — ol i3 R0 A AR 1, HLX B A v
F1Ry I P A 50 ) R P 5 AN D A TR R o R Ol
S S E , F) A SN B0 VA0 SRR O A3CR s X 20t
FELRE AR L RF 50k ) B s 2 S0k k) T
AR ZWME R S5, Bl 43285 2 19 B 72 & Al
PaeYi EN D NS 0E RN A N
1.5 HEISWMEFA

FIAT ENVI AL ArcGIS #2 U XS i GPS J& fir K
SOCTE B e B, 455 2 1 A goas Bk is oL 1
Excel Ht5 iy TR BB H . LI 1 ~3 Bl
SLGtl, B SPSS Ay M /N2 HR T R RE JFAE 3 NMEFH
Wint fr SPAD {H 5 TL 2 38 J& A2 & [a) /9 AH OGPk, 7
Matlab rh g5 252 81 RF (SVR 5835 Al BP it 28 ) 2% 55
o BPXPREREEL, 3 IS 3 DM A F WM 3 A iE
SRR . SR FH LG B (RY) 138 J7 MR 22 (Root
mean square error, RMSE ) " fE g B 4/ 48 475 , 1 4 75
XoF YIN 8 46 F0 Al D0 25 5 5 S (B 7R A7 L U5 BE AR
TR 3 NSRRI RL Y 2 S BE s DL 4 B
TN A K A5 A S0 £ 1 Ak 00 &5 2R 5 S I (R gk AT
[\ 005, AN 45 A 7 30 B A A 8 A [ 0 00 R T
Iz A 5 IS E R A 1 1R,

2 HBROMW

2.1 tHXMESH

2 2 2010—2012 4% 3 55 52 (1 /N 22w R
SPAD ff 55 i B A% ik [B] 19 AH G ME A BT 4 R . Bk 2
AR, W R /N SPAD R 5 8 A A w45 BL T
0.01 7K - ¥ 52 & 35 A6 G ; Z2 B /N 22 SPAD A 5

2 MNEMHFSPAD E5ERTEEMEXME
Tab.2 Correlation of leaf SPAD value and remote
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Fig. 1 The 1:1 diagram of measured wheat leaf SPAD values and predicted values at jointing stage
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Fig.3 The 1:1 diagram of measured wheat leaf SPAD values and predicted values at anthesis stage
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