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Fig. 1. Environmental issues due to current agricultural practices

« Current agricultural practices are one of the major drivers of water quality
problems in the Great Lakes and around the world [2] (Fig 1).

* Nutrients runoff and soil erosion have led to the growth of algae in the water

resources and soil health degradation in croplands.

« Cover cropping has been considered as one of
the conservation practices that improve water
guality and soil health while improving
agricultural productivity [3] (Fig 2).

« Traditional field-based approaches for
monitoring the impacts of cover crops on
agronomic outcomes, and soil and water
guality are costly, laborious, and destructive in
nature to scale up to larger areas.

Objective

To investigate the efficacy of drone and satellite
technologies for monitoring cover crops and their
nutrient uptake efficiency.
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Fig. 2: Benefits of cover

cropping practice

Study Area

« 15 cover crop fields in Northwest Ohio were
used for field data collection (Fig 3).

o 12 farmers from 10 counties were involved.

o Flelds were planted in cereal rye after the harvest
of soybean In fall.

o Drilling was used to plant cereal rye in 13 fields.
An aerial approach was implemented in one and a
broadcast in another field.

o Field works were done during cover crop growing
season of 2020 (fall of 2020 to spring of 2021).

Fig.3: Study area

METHODS
Data collection

* Field data were collected for
three times (Fig 4).

o T1: March 2 to March 9
o T2: March 29 to April 6
o T3: April 26 to May 12

* Six biomass samples per field §
from 0.5x0.5 m quadrat were
collected.

« Drone surveys were
conducted with DJI Phantom4 {
with a multispectral sensor
onboard.

o Spectral Bands: Blue,
Green, Red, Red Edge,
Near-infrared

ﬂ

S

Fig 4: D

« Drone flights were conducted before sample collection.
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« Satellite images from the PlanetScope (3-meter) satellite were compiled and

processed.

o Spectral Bands of satellite images include Blue, Green, Red, Near-infrared

* Regression models were built with remote sensing-based crop health variables

and cover crop biomass
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Fig 5: Data processing steps

FINDINGS

 Significant biomass growth was observed between T2 to T3 (Fig 6).
* Biomass was correlated well with plant tissue nitrogen and phosphorus (Fig 7).

« Random forest (RF), support vector machine (SVM), and gradient boosting (GB)
were found to perform better in the estimation of biomass (Fig 8).

 The models showed consistently higher R2 for satellite data than drone data

which was not expected (Fig 9).
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IMPLICATIONS

Cost effective prediction of cover crop biomass and their nutrient uptake efficiency
at a landscape scale under various management practices and weather conditions.

Provides information/locations about underperforming hotspots within a field/region.

The findings from the study can be useful in developing cost-share programs for
promoting the adoption of cover crops.
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