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1 E. AEE RIS OCEE TR E 7R85 (nitrogen nutrient index, NNID TRl X T4 /N2 B0 FRHe SO AL T
Y] 3 B TR B VR R RS T VR R — T, AN [ TUAh TR 3o BN T 435 SR P O R H RTINS 28 . i 7T LA
ASD Field Spec3 #7148 2 i A i AR AR SR B T & /N2 e J2 s e ik B, R 10 Pl il AL #E 7723045 & 3 R (M
/NI BP AHE M FBENLARMR R EEL 2 &/ N2 RS FRAB R 6T TOAR R o S bR TR0 i 2 0 fe A
T e i AR N B LR AR SVE 45 & SG BT TALF B A5 (FiI4E R*=0.795, RMSE=0.125, RE=11.7%) }Ji
T AEEPEGE, ROWIE BRI AN ERUE SRR RO G TR . % AT A N &N RS FER B GG T A AL
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X AE P BT T AE A 00 S0 R 8 IR T LIRS HE RO
IR R R SRR, WS EY e S R I R
AEEE N, ZNEEGNR RS LR Tk E
AMULIL W AL FS I AT 43 2252, BRI X 28 75 92
IR N R R IORE TAE R K, EN TR R 44,
i ke 2=, DR s R PR L AER . SEi IR RS
FRIZWFBAT R T 2 E A1) 2 M H S

CUA B 703 B a6 T SR AR (O 5 B s BREE A B B 1
HREAS B AME B SRR T Sty AHOG AN HL g 2 45 ]
FRSEMCT, S e 5 A R AT LA AR e B R (1 T
BEE. H RGO 2 T i g Ao 0 A4
M AR oK R F AT A,
b4 Savitzky-Golay (SG) &R ER . HEKRIE. £
TCHUF AL IE . AR IEAS . — M SEFIEARR S 2 IE
SETRAL I 7 VEALEAE VI R B B Al DRSS B 000 14 R4S
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IR RAETE, SRITAS AR T f5 A 10 T A 22 A AN SR AH
7. 77 2 SR A /N2 T 2 e B AT SG T
T Ak B ST R /> IR B (partial least squares
regression, PLSR) BIALflill A&/ N2 W&, @it xt 6 Fp
ANFEPFH S B AR 9 AT AL B A A 0 A= M R 1)
BT R, AR B IR G M D ASE Y 1 T A
TR B b, s G A BRI 7 VR A A T
BRI AL Ty i, Ui 2 i bRtk IE 548 e (standard
normal variate transformation, SNV ) £ A AS =] 3 [X 11 4
N TR AT LB AR IE A & SG T i S il
ZE R PLSR B, @BURSIE ReETIAF] 0.8 LA . Bk
2 sy AT i 2 o0 B OE (multiple scatter
correction, MSC). SG FlI'FH 55 TiAb B Ll & 57 PLSR
TR BP #4848 AL B Al ) 2 /N2 2 B i, AN R F
AL FEFNAS AR TR F 45 SRR ] MSC+SG [ S 1) BP i
V) £ ARG 5 TR R 5 #0 B) fef

WA/ G SRR AL, WA IR BT
b BRI AV T IEA AL, AN [ TR AL 35 RS Y 14
X PN 25 BRSPS AR FE B RTIEANTE R . DA A/
S B IS A () Bt 5 AT A — Pl D i UM ) T Ak
LB M. N T N R G LA R [A) AL B 5 e A&
NERE TR BTN BE AR A, A ER 10
FhTRALER Ty y45 B /N 3R BP 28 W28 AR A LARBR SR
5 3 PR VR A N R R E TR R R G TR
AL, % BRI T S80S R i B s A Y T A BE T VA AN
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R, ONET g A e TR TE S
1 #REREE
1.1 Rt

RET 2016—2017 7R 1 AR R B i r B AT AR
R 4T (37°41'58.59"N, 117°08'41.65"E). k46 /NX
WHE 2 N RIEY 2 BoRstEE 220 B 502, 5
A 6 NEFHE AT, % ED A (N, 120
(N5), 180 (N3), 240 (N,), 300 (Ns), 280 kg/hm?® (Ng),
Hor Ne R Rt AR BN b 3 IRESE, 3 6x3x2
AR, ANXTHF 7 mx10 m, K X AHBELHEES, BURE
5 R BE H 8 2016 4E 4 A 1 H GRE WD, 2016
4 H 17 H G, 2016 4£ 4 F 28 H (ZfEH).
2016 £ 5 A 7 H (##1el1). 2017 £ 3 H 27 H GREFHD).
2017 £ 4 A 15 H (RA5D. 2017 4£ 4 A 22 H (Zf#
B, 20174E5 H 9 H (e,
1.2 HIEIREL
1.2.1 REFLBGRI

FANRI N XIE PR AR 1 m ST &N EH
PR, EEE LR E AL 105 CAHE 30 min, FELL
75 CHEMTEREEE, WEMKREYE (TR
P AN R T S R AT B s, YLK E
A 5 AR IR

I S EIEE (Ne) AR R B B AR AL U B /s
ZHA IR KAV BT TR MR EIREE, FIbF
JEA/NE I AR AR Yue S5 H (1 A st AT i
B, tHEARW TR

N,=4.15W7°% (D

X w M B AR, Mg/hn?, 43 B A
1~10 Mg DM/hafif, ATHER (L THE, i FEREY &
/NT- 1IMg DM/ha B, DI - 20R BN e (B R Ne=4.15%
DM.

REFRIEHM™ (nitrogen nutrient index, NNID ALk
ENEEEIZWHEMEE TR AL R LA FREE,
K 1 NENERBFEAR R EE TR E(NND B EEAT O

NN 2)
Nc

A NNI REEFHEEL  Na AR SEPR R IRE

#r NNI < 1B}, R E AL HEA 2, B R
NNI=1 B, KRR EILE HRIEE; NNI>L, Rk
FARAE e, S R

R1 ZNEHEAEREFERST
Tablel Statistical characteristics of nitrogen nutrient
index (NNI) for winter wheat samples

PEEFMR IR AR S

v I yT—
Sample set le Min  Max Mean Standard  Coefficient of
number deviation variation/%
?ajlf?birr’;tion - 175 028 172 0.89 0.31 34
k=
ibrﬁggi%ion -« 88 031 152 0.86 0.28 32
A 263 028 172 0.88 0.30 34

Whole set

1.2.2 RSB RIR

G E K 25 E ASD ( Analytical  Spectral
Devices) /] ASD Field Spec3 % #Meif 3 m e,
Ho K BIE 350~2 500 nm, SEFEEFE A 1.4 nm (350~
1000 nm) A1 2 nm (1000~2 500 nm) , EREEAIRE Y 1 nm,
WA F N 250, ik 2 o vl N 2 P e 3 7 I B G AL R <
BRI 6] A 10:00—14:00. &GRS EIERT 25 L AR
ENR, ARSI E M T, XERE)E FJ7 80 cm Ab,
XPREANRE /N X s HA R MM EE, RE 10K
A, HIBR ST AL G P60, A AR /N X 2%
e, AR B IR 36 /ANX e 2 e iEE, W
1 iR

JZ 5} Reflectance

200 400 600 800 1000 1200 1400 1600 1800 2000
B Wavelength/nm
B EHALRLERHE
Fig.1 Spectra reflectance of whole sample set

1.3 RIEBHENX

PRI 13 /N DX 95 vy D 0 SR AR S S B 3R, AR SR
F & /N et 2 o i o DL 19 Db e 2 5P (%
2), HAFAESHUE M JEGE 6 RN — B i3 o Hh i B 04
LR =307 (Lnid, B, BRI RIS B
AN ECREA BN L =il — I RO R Bl
BREAE NS AR FRSE, ar. =i
SR K “ =307 RS E R U E A — s HAE A
EOGIEE RS R, ASCEEM AR RN 19 A Eei
LS5
1.4 RIEHIEFAIE

ARSI FH B ERFHES BV B AR R, Bk
WEARAIE 255 X FH 31 350~800 nm [ 3% Bt , P ikt 245 800 nm
PUG I B . N T SE LT 2R G5 EL A /) 1A T4 705 3 0)
S R TR T RS (R, A SO TR e 1 H i SR
Savitzky-Golay &R TIEHENE LA IE . £ o HUML IE
Bt IF 278 40 255 O Sk HEAT TRAC B, AL T2 5 s 4
% 3. Savitzky-Golay “F-i ] LA mifE e bl , i g nge
P AR IE T DAV AN AR Y B eI LR il s X i i
SN 2 e BT IS G B RS ] AT 25 ke
P IE 25748 3 ] LAk 55 2% 1T BRUS DL RO R AR A0 18 s S
S, AN S R 2 an i 2 Fos
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Table2 Definition of hyperspectral parameters L5 T oSNy SG o pﬁiﬁiﬁessmg
K oy RIS 8 10}
e E X =1 SNV+D
£~ Par g
Classification Definition Wgﬂgg % 05 | SG;g[chc
W32 (490530 nm) P9 — I s i g b ;jr ol L
PN ’ * SG+D
10 Dy X RIRIA AL (nm) P X 0.5
i (550-582 nm) N —M sk g D -10 F
I=INE 4
I Dy W R HEAKALE (nm) oy _1'5200 400 600 800 1000 1200 1400 1600 1800 2000
HET A 40 (680-780 nm) NIt K D B Wavelength/nm
g WK -
e - i _ |2 f;ﬁﬁé%fg‘%% S
T ——— " ig.2 Spectral reflectance after pre-processing
R RL AL E (nm) ) . N
&&;mm/*%;meﬁﬁi N 1.5.1 faih = RRA
Y nm & JINEY IS o
RXTT”F{’]‘@’Z{%F;(nmEj B ; Tt/ IR (partial least squares regression,
X NV DA 0 N y —
T TV E— PLSR) L MAEEM AN M, % TELRE I SM B AT
T T IR RO EE RO, (A R
PR q;&k*mw“;z R, . P 43 SR N A 1 5 ke 7 5 4R s T
eSS VS PSRy H1, BRIGIZ T R SR 2 A B ERFIEZ [0 % 3 £ 4
SRR SRRV o e o SV HEAT R SR T A A 0O ) e [ e A 1290,
gm S RS e WAEAEA) i D6 B FH 49038052 B AR 67 . PLSR AU AE
LLIL I — MY I R(SD,) S 3 P — ,
S fﬁ%\nm%é(sgb)mma " spuso, Unscrambler 9.7 (CAMOASA, Trondheim, Norway) X
mi LR RIS RS g, PrepRa, SR AR AR IR (RMSE) Mtk
i ,T» ‘u‘_p SDy ", ’ Y S 2 5 S e NY
LT — B B B RISD) ST — (SD,-SDy/ ERB (R RS
B 1 AN (SDy) A — A (SD,+SDy) 1.5.2 BP AV M
LN — I R AN(SD) S EAN —B (SD.-SD,)/ T ¥ 4 ] £ _ i T
B FI(SDY L1 (SDL-SD) R AL RE 2 45 (back-propagation artificial neural

®3 NIEBIEMALESE
Table3 Pre-processing methods applied to the spectral curves

T3 7 1% =
Pre-processing method Abbreviation
Savitzky-Golay E#{ - Savitzky-Golay smoothing SG
FL M IE Basdline correction BC
£ JCETRS IE Multiple scatter correction MSC
FrifE IEA A Standard normal variate transformation SNV
a5 Detrending D

Savitzky-Golay P+ 4 4% 1E

Savitzky-Golay smoothing+ Baseline correction SGBC
Savitzky-Golay i +% JLHUR % IE SGHMSC
Savitzky-Golay smoothing+ Multiple scatter correction

Savitzky-Golay smoothing+ Standard normd variate transformation
Savitzky-Golay T 1+ 3 E%k SG+D
Savitzky-Golay smoothing+ De-trending

bRV T AN AR EAN= %

FRAEIEAS A e R S SNVAD

Standard normal variate transformation+ De-trending

1.5 1EBE

AR S e AR g /N e [ A A AR | fe o) A 3 o 2 I 2%
[l AR DL K BEALARAR S 3 Rl vkt AT s, iy
AR HARER 19 M EDGIERHES S, FAERAERE
FRFGH, MRHRAG SRR () st R AL REARX R ZE{H (relative
error, RE) DLAIYJTHIRZ(E (root mean square error,
RMSE) SkAG ISR (1A B S5 T SE %, i ide dpe AR AL .

network, BPANND & H 5N &N V2 15 1 5k, il
I IE AL 5 I AL RE I 2 MBI R A W R 2 0
R Z B TTHHTRUEEIE, B3 W 44 R 22 080 B AT
B2 RERE, WISl AR B A1) . BP A2 [ 45 4 45 HL
ArEEHEIMEAGENRE S, &S T RN THILHIE
Zu ) R, SR ARl A RO P8 BP 4
Z%1E MATLAB R2014b B ff R g, 4 2% H 5
1) 3 JZ4E5H, FNZ RIS Z iR tansig B R 3L,
Ko 2 = 34t E R R EOh purelin B%L, 2 ) R ECREE
JE T S EAE KA, JIZREKEL Levenberg-Marquardt 5.
%, BREET R 10, aEARIKEL 100 K, R OREfIA SR
Y 15, #>1#%0.01, %> HA54 0.000 1.

1.5.3 FMAAUARARE*

BENLARE (Random forest, RF) ik 2ilidt 2 Mk
TR — AN BENLEE LI AR AR, 2R bootstrap =il
FEVEMANZREE R m ADNFEARRIEE m A BER, 7EFH
BTSN 1 A ONTFEAZREND BEVLHE B
A R B A AR B A AT A, A dh
BIRRCNESAIMEEAR, H1R 22 1T 5 RE S AL FRAS SR AR SR
H4 I LU () SRR R R AR T A 45 B . RF BIE AL
YNGR 2T, IR0t 2 e LR E AR, X R
B AN 75 HAT B R B I8P RF BVEAE MATLAB
R2014b AFH R, BEALAR RS I 7 20 1 N0
2000, 7r#|AL N 2,
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2 GR55H

2.1 s/ 3kET

KF PLSR 454/ [A) Tl B 7 37 2 38 37 5 KAk Ul
R ()RR ASTHS B 5 TUNRE FE R 4 i, B4R v
TE R R R KN 0683, f KikiE RN 0.789,
T MR % RMSE fi)/ME A 0.142, X iR % RE fie/ME
N 12.3%; TRINAERER e A% R2TFH R %0 0.588, H
KkE ZECH 0717, BRI ZE RMSE f/IME N 0.15,
AR R % RE fe/IME N 12.8%.

A5, A8 R e /N — e R M) SR A RN ] SG
SNV, SG+SNV Fl SG+BC 1 FlAb# 7 vE R B, Horp
BB TALEE N SG P . B 3 4 PLSR #1454
FETRAL BREE ST ) AR E TR IR B S G R R RS FE 45 2R

x4 wEDIEREVEAREFRER (NI FUUERSEHTER
Table4 Statistics resultsfor spectral models of nitrogen nutrient
index(NNI) by partial least squares regression(PL SR)

ik #2A Calibration il Validation
Pre-processing
method R> RMSE RE/% R*> RMSE RE%
AN 0.643 0187 167 0543 0.190 17.9
SG 0789 0142 123 0717 0150 128
BC 0719 0164 143 0635 0171 150
MSC 0624 0189 174 0552 0189 175
SNV 0728 0161 141 0518 019 181
D 0627 0189 175 0556 0188  17.9
SG+BC 0717 0165 144 0663 0164 150
SG+MSC 0619 0191 176 0531 0194 183
SG+SNV 0759 0152 133 0609 0177 165
SG+D 0656 0182 158 0556 0189  17.6
SNV+D 0632 0188 169 0585 0182  16.6
18, T
o . 1:1Line
16}
o 14}
2
g 12t
el
£ 10}
B
£ o8|
o L
% 0.6 &
04 o RMSE=0.150
02F RE=12.8%

0 02 04 06 08 10 12 14 16 18
SZE Measured value
B 3 SG-PLSRAMAM AL BRI RIRIGHIBIEL
Fig.3 Result of validation between measured and
predicted NNI by using SG-PL SR model

2.2 RERBHEBHEMLE

KH BP M4 5k SR R U B T R RS
FEFEHUAL DA A ) SRR P 5 TR FE sk 5 P, 3
PR R Ve R B RZT I R 50N 0.834, UK HE REN
0.861, #HJITHRIRZE RMSE H/ME N 0.115, X iR %E
RE f/IME N 9.8%; TR e R% R* VP REN

0.714, & KikEZHCN 0.780, HITHIRZE RMSE /)
fE4 0.133, AHXTHIRZE RE f/IME AN 12.3%.

MR B I FRABRE B 45 ST LLAS 1 BP 122 I 26 14 2 1)
(] AT A bE PLSR Y [y s AR B i 25 e v, Jid BP
P M 45284 10 A B (1) AR Y e e RAHTN 0.8
PLE, “FHvesE RECEZ M PLSR A 0.683 #1273
0.834, H:rr4h4 SG. SGHMSC. SG+SNV Al SNV+D f]
AL AR A RRE R #RTA E) 0.85 DAL, TRINZUR R BC.
MSC F1 SNV #hye REHGA R 0.7 UL L. 456 SG Hikk
AR BT . B 4 Dy BP #2048 470 8 45 i 3T
VIS AVAINP W =S =i Celplanzi 1L BISY i xacE B

#*x 5 BPHEMFZAETEH (W) TUMERSITER
Table5 Statistics resultsfor spectral models of nitrogen nutrient
index(NNI) by back-propagation(BP) artificial neural network

Titib 2 ##% Calibration T Validation
Pre-processing
method R® RMSE RE/% R*> RMSE RE%
N3 0811 0135 113 0678 0159 149
SG 0861 0115 98 0780 0133 123
BC 0813 0134 111 0695 0156 143
MSC 0805 0137 115 0659 0165 154
SNV 0824 0130 112 0699 0155 146
D 0.846 0122 103 0702 0154 146
SG+BC 0805 0.137 117 0725 0148 136
SG+MSC 0852 0119 101 0745 0143 127
SG+SNV 0855 0118 97 0736 0145 132
SG+D 0846 0121 99 0714 0151 142
SNV+D 0852 0119 99 0718 0150 140
1:1 £
1.8 ~"1:1 Line
1.6
14} €
2 °
> 12t
=l
Q
5 1.0F
b=l
o
A 08F
%0,6 - 4 3
Boat WO R=0.780
02l ~© RMSE=0.133
- RE=12.3%

0 02 04 06 08 10 12 14 16 18
S2PI{E Measured value
B 4 SG-BPRAMM AL ZTHRIAGHS R FHLIIEL
Fig4 Result of validation between measured and
predicted NNI by using SG-BP model

2.3 BENLFRHAREYT

fEH RF BVELE G AN [F Pl Ab BE 37 3% 8 55 e 2l
MR R BORS T S TIFE Nk 6 P, Egepy
eE B RP RN 0945, f KikiE 2FCH 0.959,
BT MRiR % RMSE fi/ME N 0.061, AHX iR % RE /)
BN 5.3%; TR e RE RZFH RECN 0.742,
R E RECN 0795, HTTHRIRZE RMSE f/MEN
0.125, HixtHiR%E RE f/IME N 11.7%.
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Table6 Statistics for spectral models of nitrogen nutrient index

by random forest (RF)
FisbHE 4% Calibration il Validation
Pre-processing 5 >

method R RMSE RE/% R RMSE  RE/%
kb3 0.941 0.075 6.5 0736 0146 134
SG 0959 0061 53 079 0125 117
BC 0945 0073 62 0732 0147 135
MSC 0939 0077 66 0717 0150 137
SNV 0943 0074 63 0734 0146 133
D 0947 0071 62 0743 0143 133
SG+BC 0943 0074 64 0741 0144 134
SG+MSC 0940 0076 65 0735 0146 134
SG+SNV 0945 0072 61 0758 0139 126
SG+D 0944 0071 64 0738 0144 130
SNV+D 0950 0065 58 0728 0140 131

MF 6 FRTEEABORE R 285 SR 0T LAAS 6 R ) 1) (B A AR
AHEE PLSR #iAUR1 BP 128 WX 4% () S AS0RG 1 B I R
I RF 45 AN [ R T A B ) AR AR 7R vk e R BOHRR
F 0.9 LA E, FHMBLASE RPEGAR] 0.7 L E, LA KT
AEFRRERE, RF EEETINEETYY R A 0742, RMSE KN
0.143, RE & 13.1%, Lt/ —REAL L BP #£ M4
P e 28 RP A PR R, Y5 HRIR 2% RMSE BRI,
AXTIRZE RERIRBFRT 3.4 5 09 N E . Hhgss
SG Tk FE () BSCR el B 5 8 RF BRI 48 4 i
FETAL R @ L R R R R s B A .
b 3 R AL, SG BT L HAh O R FAb )
TR AR P 1y R* 4R v Y5y 0.054~0.121, RMSE %
FAYE Y 0.016~0.032, RE “FHJFETEEN 1.7-31 NE

\\\\\

1.8
161
141
12|
1.0
0.8
0.6 |

Wi{E Predicted value

R=0.795
RMSE=0.125
02p - RE=11.7%

i
=)
N

0702 04 06 08 10 12 14 16 18
SLIE Measured value
H 5 SG-RF A MM AL THRAHE FIRBHIBIEL
Fig.5 Result of validation between measured and
predicted NNI by using SG-RF model

3 i

= o 3 TR ARE R W R 2 R
BIRIE . W E. AR R DL I Y A SR bR A IR
BB, MRk ESHEHTEESW. FE%

JE P TE) A AE B 3R AR R T 2 0 U B IR IR DL RIS W 7
PR 22, SR P UK I 2R 4Rt U R FEELCNND

A &N ERRERERAL . T F LA LTRSS
CLHERA 2T, DR B A5 0 NINT AN AT DA SIZIS FR % 46
N B FRRDLEAT IS WA, 180T DU &N 2 U
it FH AT A E A, X TEEE A RS HEARO AR R
PRALE F R ST

KNFE NIRRT U B R e S L fR S
W LU RN T AR ARG B I BT B, AR AN [R] T AL B 7 7%
AR FE A T2 5 o X EL A SR A 1) 10 FhTiAb 3 77 72
454 PLSR. BP #1428 Fll RF 532 3 Fh it 5 115 51
TR &5 FRE EE v 5, SG &R A BE A5 21 1) TR0 45
Wi FE B AL T oAt 9 FhFLALEE 7778, X2 HTF SNV, MSC
1) T Ak B 3= T Ty s Y o R T /N SR P 22 0 AT 36 o
M, T A&/ R REEC PR, REDE
HACER T 5 AR RN 5T B R 1 2 V5 A% R e 7 )
TSRS B R BE RO, T A R ASER A 2 e TR
MESHENEA R, Kb “=0” S2HNSEZEHmE
TR E LRI R ZE T RS, IR 456 SG B IER-FIE bR
FeE LA /NE RS, B R R AR E LI AT DR K
TR LA G R . T —Trwm s, 46
SG BRI Ja T HAB AL B AR e, AT —
TRALER I PR R FRORG B, X 5 2R3 A5 gt —
B, FEARH 5t rh SG B AL BTV ST 1 S AN R
FOE IR TR AU T 1 ER RS B 5 TR R 0 IA B A AR K
B B RE AN 7wl it S bs TAEH, SG 4%
FUPH AT DA R g DR SR AR R 1 S5 7 52

3P IE T RF VRS I NER R E TR
PR AR IA B i o SR MLES 5 ) @R 0 AL T2k
P[] A7 v O TRINRS JE  1X & i T PLSR & o4k ik
(=] VA BB SR R T AR AR 2 AR R (] 11 EE R DG
i, HAR SR A UG S, T AR R A
SRR N A E VR 22 AR 2R ), i 2 i [ ] VSAR AR A e
AL 1k 1) R R I AE S35 . LA S R @A ik
AT DLIE I PR bR ORI E 2 2 e A AR ek S AR 2R T
)@, I A R AR EL R 2 FipLAR 2 S Bk b, RF &
PRI RS BEFRRE AL T BP #2028 BB RS B, IX /2 e
T BP & MZELE 5 AREAR I I 25 55 2% )it 2 1
FEARANTT, X T B0 R (A B AN B8 i 4 i 5 HH 4
P A By () 8 IR, T RF S35 N 2 KBEHLAS & 1) SR,
AT DS} e 7 R S (A A R P A AL, RIS A AR
B, R REE R RF L BP MR 45
FRIE R R, LW KR S A &N
U FRDUT A B A BRI, ik RF BETE SR M
FH AT PR G (R N ASRAS AR AL SR AR AR S«

4 & g

AHTFE LA A0 SRR B T R A AR ST X,
FH R TR L A/ 2 R TR AR B TN A A
LA XL 10 FOEIE FALE A 3 R IR
B, JZ HUAN [R] ST Ak B AT S5 30 S A PG AT R
Wi, A9 HI0 T 4 i



%19 1

X B 445 ASD Field Spec3 B #ME#E @ iS4 /N E RS 7 167

D ABEF R AR RO RE 5k,
i RF By 30A5 10 T SR AR L i 5 /)N — FR AR AL 55 BP 4ol
L 28 (1) T35t RIS T iR ZE30MIK, AN 1R 2% RE
RIRFER T 34 5 09 NAES . FIWLIE H 10 Fi
AbER T VLS B RF BRLERIRAZ 8 i TG 2, e —Fh
SRR E TR A T

2) WPEIE AT TR R AT DUR T Hb 3R TH B S, A
VARG i HE (OGS AL J5 5 SG BT . it 3 fib
MR BE L AR, SG BRI Hh I Ath O FhFil A 2 (1) U £
TS 41 R? 33 w896 Bl 0.054~0.121, RMSE 316
5 0.016~0.032, RE PTG L7~-314NE 77 A

) MHR-TGETE, 454 SC B E HT
HABTRALF AR 4, A0 AT $E T L B — FRAG FE A (1 A2 T
FEEE

B £ x W
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Nitrogen nutrition diagnosis of winter wheat based on ASD Field Spec3

Liu Changhua®, Fang Zheng®, Chen Zhichao™*, Zhou Lan?, Yue Xuezhi',

Wang Zhe', Wang Chunyang®, Yuxin Miao®
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Abstract: For crop’s prediction model of nitrogen nutrition index (NNI), how to select the pretreatment and modeling method
isunclear as well as different pretreatments and their influence degrees on prediction accuracy. So it is of great significance to
take more systematic related research for building crop nitrogen nutrition diagnosis rapidly and accurately, which can provide
important technical support for precision agriculture management, and realize high yield with high efficiency of nitrogen
utilization. Taking Nanxia Village, Laoling City in North China Plain as the research area, based on ASD Field Spec3, the
prediction model of winter-wheat nitrogen nutrition index was established with hyperspectral technology in this study. PLSR
combined with different pretreatments was applied to establish an prediction model of winter-wheat nitrogen nutrition index,
whose average value of model-set model decision coefficient R was 0.683, with the maximum one 0.789, the minimum root
mean square error (RMSE) 0.142, and the minimum of relative medium error (RE) 12.3%. The prediction-set model’s mean
value of decision coefficient R* is 0.588, with the maximum one 0.717, the minimum value of root mean square error (RM SE)
0.150, and the minimum of relative medium error (RE) 12.8%. The comparison shows that the pretreatment methods with
SG(Savitzky-Golay), SNV (standard normal variate transformation), SG+SNV and SG+BC(baseline correction) are effective
when partial least square method is used to build the model, especially SG smoothing is the optimal one as mentioned above
with the R? of 0.789, the RMSE of 0.142, the RE of 12.3%, and the R? of the prediction accuracy of 0.717. Meanwhile, BP
neural network method combined with different pretreatments was used to establish an prediction model of nitrogen nutrition
index, whose average value of model-set model decision coefficient R? was 0.834, with the maximum one 0.861, the minimum
RMSE 0.115, and the minimum of RE 9.8%. The prediction-set model’s mean value of decision coefficient R? was 0.714, with
the maximum one 0.780, the minimum value of RMSE 0.133, and the minimum of RE 12.3%. It can be known that the
regression model constructed by BP neural network is significantly more accurate than the one constructed by PLSR model.
The decision coefficient of al the models pretreated by BP neural network was above 0.8, while the average one was increased
to 0.834 from 0.683 under PLSR model. All pretreatment modeling accuracy combined with SG, SG+M SC(multiple scatter
correction), SG+SNV and SNV+D(De-trending) reached above 0.85, when the predictive effect reached above 0.7 except BC,
MSC and SNV. SG pretreatment R? with the best modeling effect reached 0.861, with mean square root error 0.115, relative
error 9.8% and predicted effect R* 0.780 as mentioned above. The NNI estimation model RF agorithm combined with
different pretreatments was used to establish an prediction model of NNI, whose average value of model-set model decision
coefficient R* was 0.945, with the maximum one 0.959, the minimum RMSE 0.061, and the minimum of RE 5.3%. The
prediction-set model’s mean value of decision coefficient R? is 0.742, with the maximum 0.795, the minimum value of RMSE
0.125, and the minimum of RE 11.7%. It can be known that the regression model constructed by RF is significantly improved
compared with PLSR model and BP neural network. The decision coefficient of all the models by RF are all above 0.9, and the
prediction model accuracy R? is above 0.7. After 10 spectral pretreatment methods and 3 modeling ones have been
comprehensively compared in this study, it is found that different pretreatment and modeling methods have great impacts on
modeling precision. The optima hyperspectral modeling method is RF(random forest) algorithm. The average value of
decision coefficient R?for the prediction-set model obtained through RF algorithm was higher than the biased least squares
model and BP(back-propagation) neural network respectively, with lower RMSE and RE. Therefore, it can be seen that 10
pretreatment methods combined with RF model have higher prediction accuracy, which is a robust modeling method to invert
nitrogen nutrition index. From above, to preprocess the spectrum for winter wheat can improve modeling accuracy. The best
spectral pretreatment method in this experiment is SG convolution smoothing. Therefore, by comparing three models, the
average R? increase range of SG convolution smoothing compared with the other nine pre-processed prediction set models is
0.054~0.121, with average RMSE decrease range 0.016~0.032 and average RE decrease range 1.7~3.1 percentage points. In
terms of single preprocessing, other preprocessing transformations can be carried out after combining with SG convolution
smoothing, which can a so improve the prediction accuracy of its single preprocessing model.

Keywords. spectrum analysis; nitrogen; diagnosis; winter wheat; diagnose model; nitrogen nutrition index (NNI)



