10

15

20

25

30

35

40

MERBERES o g e
ETREANZ BRI RS ERNM

A 5T

ZAE, KKiL

(TAR Lk FRFER, TA4LZ 071001)
WE: ta TR AZCENEFERN MRS, RNE), fHEROURELERZR KA.
BRFEUAATRENAEEAED TR &R ERMNRERT AT & ETHRATIEHT
FAREGEGHENL LEEEIE, 2N T EEREEREETETHASENHEXE, £+
NDVI. Clre. NDVire = ME# e SR LT ETFAF S ENEX R KL ERE, 44
£ 2T 0.69. 0.71. 0.70, ¥ 484 35 4t & At A\ F| FE AL &% M (RFR). XGBoost 77 CatBoost 1%
Ao, 3t T Z AR A S B R AR O\ B A, X CatBoost #£ A HEAT T A F AL AL
B % (PSO)%#t, %25 T st 1y PSO-CatBoost & LIE A THILTEZ A A G ENHAR, X
I PSO-CatBoost A AR L Err F A& EFE T ZE &=, R3y0.83, RMSE # 3.42,
XiE: T AN e *tH A4 E; CatBoost
hE 5SS S252

~

Estimation of nitrogen content in cotton leaves based on
UAV multispectral study

WU Guanyu, Zhang Yongjiang
(College of Agriculture, Agricultural University of Hebei)

Abstract: The traditional determination of leaf nitrogen content requires destructive sampling, which is
time-consuming and labour-intensive, and the estimated results also deviate from the true value.
Remote sensing provides an effective method for crop leaf nitrogen content monitoring with its
advantages of large area monitoring. Based on the multispectral vegetation indices commonly used for
crop leaf nitrogen content estimation, the correlation between vegetation indices and cotton canopy leaf
nitrogen content was analysed, in which the absolute values of the correlation coefficients of three
vegetation indices, namely NDVI, Clre, and NDVIlre, and the nitrogen content of cotton canopy leaves
were higher, reaching 0.69, 0.71, and 0.70, respectively. The vegetation indices were inputted into the
random forests (RFR), XGBoost, and Catalogues respectively. , XGBoost and CatBoost models,
compared the estimation accuracy of the three models at different index inputs, and improved the
CatBoost model with particle swarm optimisation algorithm (PSO), and obtained the improved
PSO-CatBoost model to be applied to the study of nitrogen content of cotton canopy leaves, and it was
found that the PSO-CatBoost model has the The PSO-CatBoost model was found to have the highest
accuracy in the estimation of nitrogen content in cotton layer leaves, with R=2of 0.83 and RMSE of
3.42.

Key words: words: UAV; Cotton; Leaf nitrogen content; CatBoost
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KARBUATE A B A SR SR AR o SR AL ARV EY A, Tt LR AT U AT E 51 A A8 [ e
Rk, T, Pk BRI EM R R S B R R EEC, LR G, 1R x5
M, s DLSEI i A

TN B BRSNS RGN 2 HeR S, OIS & 1T B,
TENNURT FE R 2 A Ak iEeas, PRSI B R SdE , s AL SEB SR AT 1 308F o IXAIHARAS
PR R T A A= 3R, A ED RS AL S BRI T HE Bamt, A Bh TSRO R R 48
Ko AHTFLIR L) PSO-CatBoost LR, Zoki -y UL FENGE fa, RS SHEMRIEEZ A
R BT MR, BOLA AR A B R Ve AT SN R 22 o X — R O AR K
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1.1 REHAESR

5 XA T AR R & T b Aoll K 22 B B R Ee s (115°27'E, 36°56'N) , BB A7 T
JEBEME TR, REAEE, fE w8, bS5 EmbE, FSIkEE. M,
BT 1012 P FoK . R BB KT R AR X, DUZR5 0. 1% 2023 £ H
8 2575 h, FEFHS0 131 °C, LHEY 183d. FFHIpE/KE 574.3 mm. 2023 EHEfEAE K
Z=[%/KE N 586.1 mm, “F¥<iH 239 C.
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P AN R 1267,
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XAENER, HF 40 MR BEHANMEED 58 CK: AHEIEXT . CKF: #&4IE Car
4 F525) N-P20s-Ko0 4 12-5-10)  M1: HEAHAE, #%3E 1500 kg/hm?. M2: maAHLAE,
X3 3750 kg/hm?. L1: HEAHE, LI 10%. L2: HWEAHE, 1L 30%. L3:
EANAE, TLAER 50%. H1: mEANAE, LIER 10%. H2: mEA VUL, AR 30%;
H3: EmANUAE, TBAEN 50%. F KX K 20m, % 10 m, 76 cm Z47fERME. Fra ARk
O TR 5 e AHEEK, 4 H 25 #ERh, e GRS m e .
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T RABERT, E LT 11 SBI R 2 500, SRIUEARAEAR AT T . AR 45 G501

80 KANRTE AN & IS 8, R RSN T, REMRESRAZNES
2K 80%F1 90%, KATEIE N 50 m, HLTZ»HEEA 3.5 cm. AEGfd A DU e B OKEENE R 4
ZICERRTE AN RGB FlI 2 il L. 7E3RINZ el BUG EdR 2 1, 2 H 2 6l
PUIATR e bR, X 5 S A3 22 ik B4 o 0t A T4 3 s bk

MR BOT 5 TEASCH, TRATERATF AT TAE R 3a EPhk T 20 M2 ikt sk

85 a8, FHFXHEY BRSBTS . N TS0 200X S g fe B E vk, BATHE
R 1RPEASIR T eI 2R AR T A .

®1 NZHEH RGB UG IR HUIHE b Ha 4L

Tab.1 Vegetation index definitions extracted from MS and RGB images

LEEEEE

Vegetation Index

AT
Calculation formula

22 ik
References

Normalized difference
vegetation index(NDV1)
H—fb S TR
Enhanced vegetation
index(EVI)
TR Y R G TR A
Two-Band Enhanced
Vegetation Index(EV12)
I B G i TR A A P
Global Environment
Monitoring Index(GEMI)
A ERIFEL I 2
Soil-Adjusted Vegetation
Index (SAVD)
S TR R FE
Modified Soil-Adjusted
Vegetation Index (MSAVI)
JCE B - R A A e L
Transformed Soil-Adjusted
Vegetation Index (TSAVI)
T T - IR T R FR A
Near-Infrared Reflectance
times Vegetation(NIRv)
IRAR T TR
Chlorophyll Index Red Edge
(Clre)
HABuLL S X iE
Red Edge Normalized
Difference Vegetation Index
(NDVilre)
LLILARHEA 72 e AR AR 2L
Green Chromatic
Coordinate (GCC)
SO BERA
Green Normalized
Difference Vegetation Index
(GNDVID)
st — L ZEME TR 2
Green Red Vegetation Index
(GRVD)

NDVI=(NIR-R)/(NIR+R)

EVI=2.5%(NIR-R)/(NIR+6xR-7.5xB+
1)

EVI2=2.5%(NIR-R)/(NIR+2.4xR+1)

GEMI=[2x(NIR2RF+1.5xNIR+0.5%
R]/(NIR+R+0.5)

SAVI=1.5%(NIR-R)/(NIR+R+0.5)

MSAVI=0.5x[2xNIR+1-sqrt((2>xNIR
+1)"2-8%(NIR - R))]

TSAVI=0.33%(NIR-0.33%R-0.5)/[0.5%
NIR+R-0.5%0.33+(1+0.33"2)]

NIRv=NDVI*NIR

Clre=NIR / REDedge - 1

NDVIre=(NIR - REDedge) / (NIR +
REDedge)

GCC=G/ (R + G+ B)

GNDVI=(NIR - G) / (NIR + G)

GRVI=(G -R) / (G +R)
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AR B4
Red to Green Ratio
Index(RGRI)
AR =E

Woebbecke Index (WI)
NURTR R ¢
Visible Atmospherically
Resistant Index(\VVARI)
LIRS NG EER i =i
Green Leaf Index (GLI)
2R
Improved Green Leaf
Index(GLI2)
U ) R e AL
Infrared Percentage
Vegetation Index (IPCA)
ZLAMER R R
Normalized Difference
Index(NDI)
H— AL Z AR
Excess Green Index(EXG)
LR FEHL
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RGRI=R/G

WI=(G-B)/(R-G)

VARI=(G-R)/(G+R-B)

GLI=(2xG-R-B)/(2xG+R+B)

GLI2=(2%G-R+B)/(2xG+R+B)

IPCA=0.994x|R-B|+0.961x|G-B|+0.9
14%|G-R|

NDI=(RN-GN)/(RN+GN+0.01)

EXG=2xGN-RN-BN
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Jo NHLRE G SRIBCHTHURE I 8] A J5 75, 90, 105, 120. 135 RiEATIC ANLIE K
90 Ha R, TRl BEAT MR AR AR A TR R

1.5 BEESHT

KK B ENVIL ArcMap HREATHSEDR, [N R . BB G B ECHE .

HNX L SRR R T

2 ZERE5H5¥r

SEBUHE PR EL

95 21 FAHEEREESNHEET A SENHER ST
¥R 2 Fion, RIS R UCRENIMEE S FEAC 58 4>, AfBFEACH 290 4>, A
BRAM F A E&ET 15.13~47.80 g/kg, F-¥{E M 30.36 g/kg, 7%k 30.30 g/kg, #rifEZ
7.92, AFF RN 24.09%; LA 203 NHM AR S EIMELE 15.13~44.65 g/kg, T
YA 28.73 glkg, HAiEk 28.31 g/kg, FRiEZEN 6.89, AR RECH 24.00%. iZAEAHIAR
100 FREAE 25% /A7, AT DA U B A UG I8 R AR IR AR L85, mT DAGRAIE B ATLIZE B (1

AR BRI, DDA 2 1 i 22 il TH IR R2
2 MAEREWEEN H RS RIORERE S

Tab.2 The descriptive statistics of canopy leaf nitrogen content in cotton at various growth stages

”1“)#%3% (g/kg) ﬁﬁ%iﬂ
HRE I ] B4R
e/ME BAME WE H K bRz (%)
7H9H 58 30.02 47.80 39.20 39.60 4.31 11.00
7H24H 58 21.40 44.65 34.36 35.80 6.17 17.96
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8HT7H 58 18.82 39.40 30.79 31.22 4.78 15.53
8 H23H 58 17.18 39.88 24.15 23.72 5.23 21.65
9H5H 58 15.13 39.88 23.55 22.95 5.43 23.06
b=} 290 15.13 47.80 30.36 30.30 7.92 24.09
FRREAE 203 15.13 44.65 28.73 28.31 6.89 24.00
AT S 87 17.04 47.80 34.16 35.80 8.85 24.89

105 2.2 HEHEHEHET R ESEIMERES TSR
B 1 AU EE 3 Fr A LT SRR 6 v SRR B S AR R A R A O R
SHEI AL 0.80, 1X 3 I LU R 48 B S AL 7 50 B B A DGR I8 A 1A B SR AE DR 7K
-, R, Hd NDVIL Clre. NDVire X =AMEB RS SRS EH A R E & B
REARHEAN R R, Ak E] T 0.69. 071, 0.70,

1.0
0.8
Fam
—
S 0.6
;"ﬂ
W&
o 0.4
H
=
0.2
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~ ‘:_\ WS N N ~ & e .b\ SRV B P
FIHFFFIFFTFITYT F¢ &5 v &g
< h \;Q

HEROEIEE
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K1 IR S R R i S B OGP

Fig.1 Correlation analysis of indicators and canopy leaf nitrogen Content of cotton

2.3 ETHVHEMA (RFR) HIMEREH FER & B RIERRE DT
Bl 2 BB HLARPK ARG R A i B & Bl 4 AL, B i) R2 A1 RMSE R
115 IR UESE M2 NG B . FRATR IR T 22 6T Mt e 48 4500 e M A4S 317K R2 4 0.69, RMISE
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24 ET XGBoost KififERZEN F AR T RRIEBER AN

Kl 3 Jg7n T XGBoost AR ARALE Z M AR S B AR LR, BT
PR IR 2R R2EDN 0.71, RS HR 2 MLAA MG RE, Az
PRA[Y) RMSE {4 4.33, BEWREMHE S R EHZ AR EMIRE

so| © WK

A WA
— y,=0.95x+1.72( 5 4)
— y,=0.66x+10.95(T A 5)

RMSE=4.33
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125
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Fig.3 Figure of XGBoost estimation result
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Fig.4 Figure of CatBoost estimation result
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7 | y,=0.73x+7.94(R A HE)

R=0.75
15 RMSE=3.70
15 20 25 30 35 40 45 50
HSH

KBl 5 PSO-CatBoost [a] 9t 45 B &

Fig.5 Figure of PSO-CatBoost estimation result
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