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Estimation of Summer Maize SPAD Based on UAV Multispectral Images
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Abstract; Obtaining chlorophyll content of crops rapidly is of great significance for timely diagnosing the
health status of crops and guiding field management. In recent years, the development of unmanned
aerial vehicle (UAV) has made it possible to quickly and accurately obtain information at the farm scale.
The purpose was to estimate SPAD of summer maize based on UAV multispectral images, especially
focusing on whether the hierarchical linear model with meteorological data had high accuracy. SPAD in
the jointing stage, the tasseling stage and the filling stage were measured by SPAD —502Plus chlorophyll
meter, and the multispectral images were captured by RedEdge mounted on DJI M600 Pro. Firstly, the
vegetation indices of 21 experimental plots were extracted by band math and establishing the region of
interest. Then, the correlation between the vegetation indices and SPAD was analyzed, and the vegetation
indices with high correlation coefficient were selected as the input variables of SPAD estimation model. At
last, the SPAD estimation models for the jointing stage, the tasseling stage, the filling stage and the
whole growth stage were constructed by using partial least squares ( PLS) , random forest regression ( RF)
and hierarchical linear model (HLM ) , respectively. The results were compared to select the best model,
which could provide support for SPAD estimation. It was found that except NRI, other vegetation indices
(NDVI, OSAVI, GNDVI, RVI, MCARI, MSR, Clre) were significantly correlated with SPAD,
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furthermore, OSAVI and NDVI had strong and stable correlation with SPAD. The best model for each
growth period was established by RF. For the jointing stage, the tasseling stage, the filling stage and the
whole growth period, the R? of the test set was 0. 81, 0.81, 0.73 and 0. 61, and the RMSE was 1. 24,
2.32, 3.13 and 3. 20, respectively. The HLM model, which coupled rainfall and maximum temperature

with vegetation index, could improve the accuracy of linear model for estimating SPAD, but its accuracy

was lower than that of RF. Therefore, the RF model based on UAV multispectral images could realize the

estimation of SPAD of summer maize timely and accurately.

Key words: unmanned aerial vehicle; multispectral ; summer maize; SPAD; hierarchical linear model
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Tab.1 Parameters of multispectral camera and reflectivity

of calibrated reflectance panel to its center wavelength

WEF S WEBARK PO K/am T/ nm KRG/ %

1 Wt 475 20 53.8
2 @t 560 20 53.8
3 i 668 10 53.5
4 AR} 840 40 53.0
5 213h 717 10 53.4

i 1t Al B XY B S R, (1] Agisoft
LCC A w]FF & 1) PhotoScan 1 i 47 $f #2 , 15 ik
B XA B BCESAR o W PHEF & BOE B A
ArcGIS, %

R D"R (1
i_D[”- bi )

Rof R —— MO G4 i BB %

D,—Hh 1 H AR5 i B DN {H

R, ——BHRS i W BT 5%

D, —— B4 i 9B DN fif
HEAT 45 5 5 6 , P19 AL 1 ( Digital number,
DN 6 ey F2 59 3¢, WA T 78 046 0 Bt 2 3 1%
1.3 EEESERSIE

S5 AW AR BTIE L, HEIR T 8 i 4 B
TAFE K SPAD i, A RIS B2 R B ok
B 2 R

R2 HEEEBLCE

Tab.2 Definitions of vegetation indices
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Ve R AT 46 B (NRI) NRI = (Green — RED) / ( Green + RED ) [25]
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Fig.3 Correlation coefficients between vegetation indices and SPAD values
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different estimation models

JEig i ) AR LoaNE S
) HEH W
Irik R? RMSE R? RMSE RPD
WA 0.53 2.34 0.74 1. 46 1.94
HdE® 0.38 3.67 0.35 4.29 1.24
PLS
HERW O 0.62 3.13 0. 69 3.35 1.81
LHEHEW O 0.68 3.44 0.51 3.56 1.43
WAW O 0.91 1.00 0.81 1.24 2.30
HHES] 0.89 1.55 0. 81 2.32 2.29
RF
WESW O 0.89 1.71 0.73 3.13 1.94
SEHEW 0,83 2.51 0.61 3.20 1. 60
HLM  &4EFM 0.72 3.20 0.55 3.41 1.52
80
R=0.35
70 RMSE #74.29
RPD¥1.24
o 40
= 60k o
L
o
L
50
O #fige
A 54
| 1 1 ]
40 50 60 70 80
SEE
(b) il
80
R*=0.51
70+ RMSE#3.56
s o
RPD¥1.43
Aoo A
gﬁo— o o
& oL
)
o
O
50+
O #fsise
A GEE
1 1 1 ]
40 50 60 70 80
SHE
(d) 247

4 HT /N ARk B9 SPAD Ak S AR R TN R A S I I B 0% AR

Fig.4 Relationships between predicted values of SPAD based on partial least squares method and measured values
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Fig.5 Relationships between predicted values of SPAD based on random forest and measured values
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Fig. 6 Relationships between predicted values of SPAD

based on hierarchical linear model and measured values
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(4) % T SPAD Al 5B 70 e L de i UL
XA TR 5 R R O 5 i HLM AR AT LA
— 5 T I R T L P ASE R 114 Al S0HT S5 A AR E Ak {RL
KEBEAR T RF A5

Determination and correlativity analysis of chlorophyll content at different

O HUAR A, 2020, 513

2 £ x
(1] s, BERIE, HEE, . RIVEBARIRSRELT]. RLALMER, 2015, 46(2) : 247 -260.
SHI Zhou, LIANG Zongzheng, YANG Yuanyuan, et al. Status and prospect of agricultural remote sensing[ J]. Transactions of
the Chinese Society for Agricultural Machinery, 2015, 46(2) : 247 —=260. (in Chinese)
[2] BB HELVMERARGRERRELT]. Erfol KE¥ 540, 2021, 42(6): 1 -7.
ZHAO Chunjiang. Current situations and prospects of smart agriculture[ J]. Journal of South China Agricultural University,
2021, 42(6): 1 -7. (in Chinese)
[3] JEAeR. foliEBuiedt e S RE[I]. L7540, 2018, 8(1): 167 - 171.
TANG Huajun. Progress and prospect of agricultural remote sensing research[ J]. Journal of Agriculture, 2018, 8(1): 167 -
171. (in Chinese)
(4] Biis, B, BoidE, & ETERANZ LSRR E EREZ MRS [T]. SRR TR 24, 2021, 39
(6): 622 -629.
CHEN Hao, FENG Hao, YANG Zhenting, et al. Estimation of chlorophyll content of summer maize canopy based on UAV
multispectral remote sensing[ J|. Journal of Drainage and Irrigation Machinery Engineering, 2021, 39(6): 622 - 629. (in
Chinese)
(5] B/NJe, B, JEFT. KRS TE A 0 0 28 5% 1 (00 s B M G [ T]. SRR B4, 2010(17) : 42 - 44, 52.
CHEN Xiaolong, CHEN Can, ZHOU Li.
developmental stages in rice[ J]. Modern Agricultural Science and Technology, 2010(17) : 42 —44, 52. (in Chinese)
[6] T, RIETF, L, 5. FMF SPAD (H 5 MR & MMM [T]. L EZ, 2013(23) ¢ 12 - 15.
[7] GRADOS D, REYNARFAJE X, SCHREVENS E. A methodological approach to assess canopy NDVI-based tomato dynamics
under irrigation treatments[ J]. Agricultural Water Management, 2020, 240 . 106208.
[8] #xif, Sk, RAEWM SRR T EERMGEONI R IR SRE[]]. BEEAR SN, 2016, 31(1) : 74 -85.
XU Jin, MENG Jihua. Overview on estimating crop chlorophyll content with remote sensing[ J]. Remote Sensing Technology
and Application, 2016, 31(1): 74 —=85. (in Chinese)
[9] LOPEZ-CALDERON M J, ESTRADA-AVALOS J, RODRIGUEZ-MORENO V M, et al. Estimation of total nitrogen content in
forage maize (Zea mays L. ) using spectral indices: analysis by random forest[ J]. Agriculture, 2020, 10(10) : 451.
[10] COLORADO J D, CERA-BORNACELLI N, CALDAS J S, et al. Estimation of nitrogen in rice crops from UAV-captured
images[ J]. Remote Sensing, 2020, 12(20) : 3396.
(1] Wi, BF, 2 EW, & BTHRANIOLEA R EKEZ SPAD fOd BRI 5[],
| 2): 366 -374.
MENG Dunchao, ZHAO Jing, LAN Yubin, et al. SPAD inversion model of corn canopy based on UAV visible light image[ J].
Transactions of the Chinese Society for Agricultural Machinery, 2020, 51 ( Supp.2): 366 —374. (in Chinese)
[12] F0R, 585, kM, 5. ETEANEBRYEKREBRH GRS #5065 1T]. Ry, 2019, 50
(HEF)) . 182 - 186, 194.
QIAO Lang, ZHANG Zhiyong, CHEN Longsheng, et al. Chlorophyll content detection and distribution research of maize
canopy based on UAV image[ J]. Transactions of the Chinese Society for Agricultural Machinery, 2019, 50 ( Supp. ) : 182 -
186, 194. (in Chinese)
[13]  A=pgobk, migse, JRTE, 4. &/NE SPAD {HJE AN AT WG Z 00 i A e H B as G A [T ], Al LA 24, 2021,
52(8): 183 —194.
NIU Qinglin, FENG Haikuan, ZHOU Xinguo, et al. Combining UAV visible light and multispectral vegetation indices for
estimating SPAD value of winter wheat[ J]. Transactions of the Chinese Society for Agricultural Machinery, 2021, 52(8)
183 —194. (in Chinese)
[14] HWZES, HiRE, B, % ETEANZ SRR N FMHEE SPAD BUMBFFE[T]. AL HUMEHR, 2020, 51(8) .
178 - 188.
TIAN Juncang, YANG Zhenfeng, FENG Kepeng, et al. Prediction of tomato canopy SPAD based on UAV multispectral image
[J]. Transactions of the Chinese Society for Agricultural Machinery, 2020, 51(8): 178 —188. (in Chinese)
[15] LIZ H, TAYLOR J, YANG H, et al. A hierarchical interannual wheat yield and grain protein prediction model using spectral
vegetative indices and meteorological data[ J]. Field Crops Research, 2020, 248 107711.
[16] ZHU B X, CHEN S B, CAO Y J, et al. A regional maize yield hierarchical linear model combining Landsat 8 vegetative



510 M i A T RANLZ AR M E F oKk SPAD il BB 52 219

[24]

[25]

[26]

[27]

[31]
[32]

[35]

indices and meteorological data: case study in Jilin Province[ J]. Remote Sensing, 2021, 13(3): 356.

XU X B, TENG C, ZHAO Y, et al. Prediction of wheat grain protein by coupling multisource remote sensing imagery and
ECMWF data[ J]. Remote Sensing, 2020, 12(8) : 1349.

ROUSE J W, HAAS R H, DEEING D W, et al. Monitoring the vernal advancement of retrogradation ( green wave effect) of
natural vegetation[ M]. Texas A&M University: Remote Sensing Center, 1974.

GITELSON A A, KAUFMAN Y J, MERZLYAK M N. Use of a green channel in remote sensing of global vegetation from EOS —
MODIS[J]. Remote Sensing of Environment, 1996, 58(3) . 289 —298.

SCHUERGER A C, CAPELLE G A, DI BENEDETTO J A, et al. Comparison of two hyperspectral imaging and two laser-
induced fluorescence instruments for the detection of zinc stress and chlorophyll concentration in bahia grass ( Paspalum
notatum Flugge. ) [J]. Remote Sensing of Environment, 2003, 84(4) . 572 —588.

RONDEAUX G, STEVEN M, BARET F. Optimization of soil-adjusted vegetation indices [ J ]. Remote Sensing of
Environment, 1996, 55(2): 95 -107.

HABOUDANE D, MILLER J R, TREMBLAY N, et al. Integrated narrow-band vegetation indices for prediction of crop
chlorophyll content for application to precision agriculture[ J]. Remote Sensing of Environment, 2002, 81(2) . 416 - 426.
CHEN J M. Evaluation of vegetation indices and a modified simple ratio for boreal applications[ J]. Canadian Journal of
Remote Sensing, 1996, 22(3): 229 -242.

GITELSON A A, VINA A, ARKEBAUER T J, et al. Remote estimation of leaf area index and green leaf biomass in maize
canopies| J]. Geophysical Research Letters, 2003, 30(5) . 1248.

TUCKER C J. Red and photographic infrared linear combinations for monitoring vegetation [ J ]. Remote Sensing of
Environment, 1979, 8(2) . 127 - 150.

HORLER D N H, DOCKRAY M, BARBER J. The red edge of plant leaf reflectance[ J]. International Journal of Remote
Sensing, 1983, 4(2) . 273 -288.

e K, WOPCEE, WM, S S XKML RRAE K SPAD BB I INAE AL ()], RK W (FERERD
2016, 41(9) . 1168 - 1175.

QIN Zhanfei, CHANG Qingrui, SHEN Jian, et al. Red edge characteristics and SPAD estimation model using hyperspectral
data for rice in Ningxia Irrigation Zone[ J]. Geomatics and Information Science of Wuhan University, 2016, 41(9): 1168 -
1175. (in Chinese)

AR, BBER, PP, . BT Sentinel — 2A SR MY K K E B MR R AT LT ] 6% 56k 4 B, 2019, 39
(5): 1535 - 1542.

SU Wei, ZHAO Xiaofeng, SUN Zhongping, et al. Estimating the corn canopy chlorophyll content using the Sentinel — 2A
image[ J|. Spectroscopy and Spectral Analysis, 2019, 39(5); 1535 - 1542. (in Chinese)

BEE, BG, VK, B TANZ GG E BTE £ K2 & R 0 g AR (1], 6k e 5061k 4, 2018, 38
(9): 2923 -2931.

MAO Zhihui, DENG Lei, SUN Jie, et al. Research on the application of UAV multispectral remote sensing in the maize
chlorophyll prediction[ J]. Spectroscopy and Spectral Analysis, 2018, 38(9) : 2923 —2931. (in Chinese)

VINCINI M, AMADUCCI S, FRAZZI E. Empirical estimation of leaf chlorophyll density in winter wheat canopies using
Sentinel —2 spectral resolution[ J]. TEEE Transactions on Geoscience and Remote Sensing, 2014, 52(6) : 3220 - 3235.
BREIMAN L. Random forests[ J]. Machine Learning, 2001, 45(1): 5 -32.

WL, BREME, FBZAE, . T AL LR AR ml IS4 R Y+ IR R AL RO (V] HbBRAE BRE A2, 2021, 23(9) :
1662 — 1674.

YANG Lianbing, CHEN Chunbo, ZHENG Hongwei, et al. Retrieval of soil salinity content based on random forests regression
optimized by Bayesian optimization algorithm and gentic algorithm [ J]. Journal of Geo-information Science, 2021, 23(9) .
1662 — 1674. (in Chinese)

KTFHG, 2=, NI, S B TR RSB RURIBE AL AR AR ) p R A R [ T] . ik 5ORIE 4T, 2021, 41
(9): 2911 -2917.

ZHANG Zihan, YAN Lei, LIU Siyuan, et al. Leaf nitrogen concentration retrieval based on polarization reflectance model and
random forest regression[ J]. Spectroscopy and Spectral Analysis, 2021, 41(9): 2911 —2917. (in Chinese)

W, A3, XMd TN OGRS D AR A B [T]. R AR, 2021, 52(7) : 213 -221.
YAO Xiong, YU Kunyong, LIU Jian. Leaf area index estimation of Masson pine ( Pinus massoniana) forests based on
multispectral remote sensing of UAV [ J]. Transactions of the Chinese Society for Agricultural Machinery, 2021, 52 (7).
213 -=221. (in Chinese)

T ARBEN, 51, 5. 26 T IR A ML B AR R A5 B 4 /N 2277 BEAG I [T ] R HLB A 41,2021 ,52(3) 160 - 167.
CHENG Qian, XU Honggang, CAO Yinbo, et al. Grain yield prediction of winter wheat using multi-temporal UAV based on
multispectral vegetation index[ J]. Transactions of the Chinese Society for Agricultural Machinery, 2021, 52(3): 160 - 167.
(in Chinese)



