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Estimation of maize chlorophyll content based on unmanned aerial vehicle
(UAV) hyperspectral images

GUO Song, CHANG Qing-rui, ZHENG Zhi-kang, JIANG Dan-yao, GAO Yi-fan, SONG Zi-yi, JIANG Shi-yu
(College of Natural Resources and Environment, Northwest A&F University, Yangling 712100, China)

Abstract: In order to achieve rapid estimation of maize chlorophyll content, a low-altitude unmanned aerial vehicle
(UAV) equipped with S185 hyperspectral camera was used to obtain the hyperspectral images of maize canopy during the tas-
seling period in Guanzhong area, and the chlorophyll content ( Chl value) of sampling point was measured synchronously on
the ground. The models were built based on the primary spectra and first derivative spectra. Single-factor modeling parameters
and multi-factor modeling parameters were extracted by any two bands combination and successive projections algorithm, re-
spectively, and the prediction ability of various models (single-factor regression model, multiple linear regression model and
kernel extreme learning machine model combined with lion swarm algorithm) on Chl value of maize at tasseling stage was
compared and analyzed. The results showed that the sensitive bands of Chl value in the primary spectra were mainly concen-

trated in the green band and the near infrared band, and the sensitive bands of Chl value in the first derivative spectra were

mainly concentrated in the near infrared band. The optimal
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single-factor modeling parameters in the primary spectra and
the first derivative spectra were difference spectral index
(DSI) , and the correlation coefficients were 0.71 and 0.68,
respectively. The number of multi-factor modeling parame-
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fourteen and eight, respectively. In both the primary spectrum and the first derivative spectrum, the estimation effect of the

multi-factor model was better than that of the single-factor model, and the machine learning regression algorithm was better

than the traditional regression algorithm. In this study, the kernel extreme learning machine combined with the lion swarm al-

gorithm (LSO-KELM) regression model was the optimal model, which had good mapping accuracy. The modeling and valida-

tion determination coefficient (R*) were 0.73 and 0.70, respectively, and the mean relative errors ( MRE) were 3.56% and

3.53%, respectively. The research results demonstrate that the combination of UAV hyperspectral images and LSO-KELM can

better estimate the chlorophyll content of maize canopy during the tasseling period in the field.
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Fig.1 Location of maize test field in the study area
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Table 1 Statistical characteristics of chlorophyll content ( Chl value) in maize leaves
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Table 2 Calculation method of spectral index
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Table 5 Multiple factors regression models based on different types of spectra
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Fig.5 Spatial distribution of Chl values in maize canopy under

different types of optimal models
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