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Table 1 Datasets details
fa b5 B ] Hi 25, %51 Bkt EFERE HOE/im B
42/ R/ /B 2018 TR ROl e R HE 144 144 350~2 500 FieldSpec4
2018 MR RIE R ALY KHEA 283 262
- fif 5/ T /AR 2019 MIFK¥EMREBEBETIRAYS O KHEA 249 223
CHbAE 99 2018 AR RN R LWL R G KHEARA 285 261
2019 MR R R AR Y KHARA 249 214

1.2 HT\EEEFRIS
B e i 2 UK JE BE (equivalent water thickness, EWT)
i& ’

W

EWT = (LFW—LDW)/LA @)
A (D, LFW 2 uffif 5, LDW 20 T 8. LA 20,
IR AR B 4 A A ) EWT BB 45 /N B R AT HEF .
T 3 1 58 BB B2 40~80. 2B kK R 10, XFHERFE
J ) BCHR SR AT W SR S o S T A B AR A O IR 2.

x2 HIEERIYSPMAR
Table 2 Datasets sliding partition detail

R 2018 S H & & 2019 K H & A
W E 40 50 60 70 80 40 50 60 70 80
WaEK 10 10 10 10 10 10 10 10 10 10
FHERE 25 24 23 22 21 22 21 20 19 18

AR 2018 K HAK A 2019 K HAK A
BOYEE 40 50 60 70 80 40 50 60 70 80
WaEK 10 10 10 10 10 10 10 10 10 10
FHEHE 26 25 24 23 22 22 21 20 19 18

1.3 TR E

O G % AL BT vk — MO HE LR IE 2 AU ARLIE 26
FF- AL 2 . SRR IE RN T IHBRAL SR RSB F 5
WIS, H W EERE - S, S %, BUKRIERNT
TH B H T JORL 43 A1 A 45 59 T K /A TR) 5 B0 /O e 0 D6 i 1
R, DL Ik A RE MSC R SNV 4§, S AL FE S T I BR
TGRS R BEPLE S, SRS HEAE S HE MR, Savitzky-
Golay (SG) - v A2 {ff i 22 Wi =% 8% sl 1 1 W9 19 i 0 D' 3% 3ok
112 WA 00 i IF Ml /D ek AT 005, H S B —Fh B o)
INECT- 2% .
1.4 RERHEFEMNIER

PLSR & — il 4 Pt 5 4 R L 78 1 N7 A8 e 1V 7E A8
(PLS latent variables) 2 [a] fff £ [l Y37, 8 7 A5 82 5 4R U

B edl A, ATRASE . (1) i O3 B i dw R nT AR
(2) 5 i 25 o5 A1) 74 g K AR S R

TERL R YI 25 v SR T 10 5 28 SCIR TiE ok ~F- £l 15 R 52 2% i
oD AE B RIS S 2 1005 o BB AR 20 A 10 1 . B UK Hh
9 VERINLE . 1 B VER AR AT I T, il & 3k
P05 LA A5, . FRE 10 USSR 1 7 29 E A D X 8BRS BE #Y
i

XA B B M 36 bR A R (coefficient of determination) ,
RMSE(root mean squared error) #1 RPD(ratio of performance

to deviation) ,

RMSE 342450 (2)
RMSE — %2(3},*3},)2 2
i=1
RPD AN KN
RPD = SD/RMSE (3)

KO, SD Atz .

MR SCHRCL3-14 ] iy — 2845 50, FeATTH RPD (K1Y
TEMARMERI > 4 9% . RPD>3. 5, B K BB Ab 2 52 3 K
5 3. 5>RPD>2.5, #EiAI BLA & &M & /KF; 2. 5>RPD>
L. 5, SR EA I K- 5 RPD<TL. 5, BERITERL .

1.5 SEIRIRIE

SEERTE Python i 5 BRI 58 . #% 0K ME% A Seikit-

Learn, SciPy, NumPy, Pandas Fl1 Matplotlib,

2 #ZRHHE

2.1 SHMRUK

PLSR B8 rp i BEAR AL 1) 2 BUZ n_components, HH
TE 1~30 JuH A 7 o 2 RMSEcy B8 S/ B4 W # n_com-
ponents $OHE & @A T B S E. 7ERE TAL #E O b
SG 1 ke A58 R e T B S 8, & O 5 B
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M3 bR, R B,
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M3 A, (1) 2018 KM A4, CE m A 4
4 Réy=0.48, RPDeyv=1.39, M4 % 5B N 50 B4
R EEE RN Ry =0.7, RPDey=1.8; (2) 2019 K H &
R, e RS R Rév =0. 59, RPDey =1. 57, T 4
%190 50 WA AR E A S 45 2Ry Réy =0. 68, RPDey
=1.77; (3) 2018 KHMRAEA , LEmM LR A Rey =
0.48, RPDey =1. 38, T 24 1% & hy 60 i) 74 de 4 I 15
ZE R Yy R, =0.57, RPDey =1.52; (4) 2019 KHfEARA. &
LR B S R Ry Rey =0. 89, RPDey =3, T 24 % 1 58 B 4
70 B9 F A B f R A SR O Ry = 0. 89, RPDey =3. 01, 4
B . BR 2019 A2 A0, FE AL 0 4 st SO A5 SR I B
T eERMES R, FERPANE, &5 FEYRMEHT
AT 6 1% 19040 B 5 vk A B
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Table 3 Nitrogen inversion model results

w0 2%k I wigpso wmuseo B0 B 80
o 40
2018 KEEA
Rty 0.48 0.63 0.7 0.57 0.57 0.58
RMSEcy  0.72 0.6 0. 56 0. 66 0. 66 0. 65
RPDcv 1. 39 1.65 1.8 1.53 1.52 1.54
2019 KH & A
Rty 0.59 0.49 0. 68 0. 64 0.62 0.62
RMSEqcy 0. 64 0.71 0. 56 0.6 0.62 0.62
RPDcv 1.57 1.41 1.77 1. 66 1.61 1.62
2018 A LA
Rtv 0.48 0. 55 0. 55 0.57 0.53 0.52
RMSEcy  0.72 0.67 0.67 0. 66 0.68 0. 69
RPDcv 1. 38 1.49 1.49 1.52 1. 46 1. 44
2019 KHMEA
Rtv 0. 89 0. 87 0. 89 0. 89 0. 89 0. 88
RMSEcy 0. 33 0. 36 0. 34 0. 34 0.33 0. 34
RPDcv 3 2.73 2. 96 2.95 3.01 2.92

TE: % 2018 K HH i % 4H A 4 B O 06 % oAb 3 7 125 02 log (1/R), 2019
K H R A A AR B G T A 3 77 0 SNV, AR AL 2 AL &

B de A S 2 R AR OK B R S i
Note: The optimal spectral pretreatment methods for 2018 Field+ N
and 2019 Field+ N supersets are log(1/R) and SNV, respec-
tively. The optimal inversion results for both 2018 Field-N and

2019 Field-N subsets are obtained from raw spectra
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Fig. 1 EWT distribution curves of parent sets
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Fig. 2 Inversion accuracy distribution curves with variable window widths
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Study on Maize Leaf Nitrogen Inversion Model Based on Equivalent Water
Thickness Gradient

WANG Xi'. CHEN Gui-fen'?* . CAO Li-ying' » MA Li'
1. College of Information Technology, Jilin Agricultural University, Changchun 130118, China
2. Changchun Humanities and Sciences College, Changchun 130117, China

Abstract According to the actual need for rapid and non-destructive testing methods for nitrogen in maize production. Samples
were divided according to the equivalent water thickness gradient, and a gradient continuous leaf nitrogen inversion model was
established. The influence of water content on leaf reflectance characteristics and the accuracy of the inversion model is
preliminarily explored. Firstly, the hyperspectral data of leaf-level are obtained, and then the samples are sorted and sliding
divided according to the value of equivalent water thickness, and the subset set is established. In addition to the original spectral
data. the parent set also adopts (1) baseline correction; (2) Scattering correction; (3) Smoothing methods. three categories of
spectral transformation methods, while subsets do not use any spectral transformation techniques. A full band PLSR inversion
model is established, the model accuracy is compared, and the influence of equivalent water thickness on modeling accuracy is
preliminarily quantitatively evaluated. The experimental results show that: (1) among the four groups of data, the inversion
accuracy of three parent sets is lower than that of the optimal subset, and the other group is the same (2018 field-N: (parent
set) Réy =0.48<(subset) R% =0.57, RPDcy =1. 38<CRPD¢y =1.52; 2018 field +N: R&y =0. 48<R%y =0. 7, RPD¢y =1. 39
<RPD¢y =1. 8; 2019 field +N: R&y =0. 59<<R& =0. 68, RPDey =1. 57<<RPD¢y =1.77); (2) The inversion accuracy of the
optimal subset of all the four groups reaches or even exceeds the level of the qualitative model, while the parent set has only two
groups; (3) In the problem of sample selection of inversion data set, the factor of equivalent water thickness needs to be fully
considered to avoid the loss of overall inversion accuracy caused by too wide sample selection. In conclusion, the factor of
equivalent water thickness significantly impacts the accuracy of nitrogen modeling in maize leaves, which should not be ignored.
After this factor is considered, the method of rapid, nondestructive detection of nitrogen in maize leaves using leaf hyperspectral

data will be more reliable and feasible.

Keywords  Foliar nitrogen concentration; Equivalent water thickness; Hyperspectral; Spectral transformation techniques;

PLSR; Sliding datasets partition
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