Alrborne hyperspectral imaging of cover crops through machine learning
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1. Introduction 3. Measured cover crops traits

« Cover cropping Is essential for agroecosystem conservation, but late CV = 0.90 (b)
termination brings negative influences on the coming cash crop growth
(Qin et al., 2020).

Accurate information of cover crop growth (e.g., aboveground biomass and
nitrogen content) is highly needed to guide stakeholders for the appropriate
time to terminate cover crops.

Remote sensing provides a cost-effective manner to quantify cover crop 5
growth, but existing studies operated with coarse-resolution multispectral CV =10.81
data have uncertainties. |
This study demonstrates airborne hyperspectral imaging of cover crop _ ) | 0 05
growth for the first time. 2 Component 1
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Scientific questions:

* What is the accuracy of utilizing airborne hyperspectral remote sensing to
quantify cover crop biomass and nitrogen content?

* What are the key spectra for quantifying cover crop growth?

I

« Fig. 5 Airborne hyperspectral data (RGB, see a) based PLSR predictions of cover
crop (b) aboveground biomass (Biomass, g-m2), (c¢) nitrogen concentration (N, ...,
%), (d) carbon to nitrogen ratio (C/N), (e) biomass carbon (Biomass C, g:m-2), (f)

"5 17 biomass nitrogen (Biomass N, g-:m=), and uncertainties for (g) biomass (Biomass

= o4 % _q_f: g o g W \ o %o std, g-m), (c) nitrogen concentration (N, ... std, %), (d) carbon to nitrogen ratio

f.f-%%ﬁ:’f s T ?ﬁ - (C/N std), (e) biomass carbon (Biomass C std, g-m-2), (f) biomass nitrogen (Biomass

Fig. 1. Study region, = N std, gem==) on April 13th, 2021. Soil pixels with NDVI < 0.35 were masked out with
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2. Method and data
Study region Central IL, Champaign
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hyperspectral imagery and 2051 N
field measurement * Fig 3. (a) Correlation matrix for measured cover crop traits including cover crop oo, Nmass
locations in Central Illinois. aboveground biomass (Biomass, g-m-2), plant carbon concentration (C_.., %), | ON
The red triangles refer to plant carbon content per ground area (Biomass C, g-m-2), plant nitrogen 1.75 Eiﬁ:ﬂjﬁjﬁ
the field sampling concentration (N_..., %), plant nitrogen content per ground area (Biomass N, g-m-

collection locations. The 2), and plant tissue carbon to nitrogen ratio (C/N). The high correlation coefficients
blue polygons are the are highlighted with red color. The coefficient of variation (CV) refers to the
covered areas by the standard deviation of samples divided by the sample mean. The higher CV values
airborne flight campaigns. indicate high variabilities of analyzed cover crop traits, or vice versa. (b) Principal
The base map 1is the component analysis (PCA) for all cover crop traits. The diagram shows the first two 0.75-
Sentinel-2 imagery over the components from the PCA analysis. Similar cover crop traits have close PCA
study region acquired on components 1 and 2 values.
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4. Airborne guantified cover crop traits Fig. 6 Variable Influence on Projection (VIP) scores of hyperspectral PLSR models
' ' for predicting cover crop aboveground biomass, C concentration (C_...), N

Biomass C Ninase concentration (N, ...), C/N ratio, biomass C, and biomass N. The higher VIP scores

1RMSE = 37.87 (12. 3":}‘1’}}&’# RMSE = 1.17 (26.45" Jl RMSE = 0.48 (15. l?nfn} 4 indicate hlgher feature importance.
Bias = 0.84 (0.27%) .~ Bias -{].{r‘{ 2 Ulq!,}*]' Bias = 0.00 (0. 17{;{:] -

Table 1. Summary of airborne hyperspectral campaigns conducted for
cover crop monitoring. Ta: air temperature. RH: relative humidity.
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Date Time Weather Ta (°C) EH (%) Cover crop growth stage
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March 20", 2021 10:10-14:53 Sunny 12.22 45.26 Moderate biomass 1R% =0.76 & | R 2-0.01 IR? =0. "14 ‘+ ‘* +
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April 13%, 2021 10:21-15:23 Sunny 15.31 41.03 High biomass
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w k . Conclusion

To our knowledge, this is the first-time demonstration of airborne hyperspectral
Measured Biomass (g-m2) Measured C,,.. (%) Measured Nmaﬁs f%} 1mag1ng of cover Crop gI’OWth.

Airborne hyperspectral remote sensing can accurately quantify cover crop biomass
RMSE = 1.32 {lﬁ‘lzqfh)‘y and nitrogen content.

Bias = 0.03 (0.34%), Red edge reflectance is important to quantify cover crop growth variables.
IR*=10.71

Airborne hyperspectral system and field data collection

PLSR prediction (g-m)
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