CHARACTERIZING GENETIC AND ENVIRONMENTAL
IMPACTS ON MAIZE USING PHENOMIC APPROACHES
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Using phenomic approaches for monitoring genotype and
growing conditions in maize

Top-down Hyperspectral Imaging for lfﬁonltorlng Genotype and Growing Conditions in Maize
Sara Tirado-Tolosa'2, Tara A. Enders?, Nathan M. Springer?
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Temporal phenotypic data can advance our understanding of
end-season productivity

Phenotype




Project Aims:

1.

Develop procedure for extracting
traits using drone imagery

Use HTP for understanding a plant’s
reaction to E+M in terms of in-season
growth and end-season productivity

Use HTP to get a better understanding
of different factors that affect lodging
severity and recovery in maize
nurseries




How do we go from drone imagery to meaningful data?
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What phenotypic traits can we get?
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Experimental Design for 2018 and 2019

12 hybrids, 2 replicates

Data collection:
= Weekly trait data

® Drone platform

= Hand measurements
= Environmental Data

= \Weather station
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= Soil tests
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Accuracy of UAV-derived height is variable throughout development
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UAV-derived height can be useful for assessing growth patterns
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Predicting end-season traits using early-season UAV measurements
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Root lodging has become a large issue across the US
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Can we study lodging responses using UAV data?
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What metric can we use to assess lodging from UAV imagery?
Percent change in height from the height the day before lodging
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What variables impact lodging responses in maize?
Percent change in height from the height the day before lodging
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What variables impact lodging responses in maize?

Day of Lodging Event
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Future directions

1. Get a better understanding of different environmental
factors that cause lodging in maize nurseries

2. ldentify different avenues of lodging resistance

3. Get a better understanding of how early season
growth rates as well as lodging impact yield and yield
component traits




Take-away Points

Temporal phenotype estimates are needed to
better understand of how genetic and phenotypic 7 AP AP
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