Relationship of Phenomics and Agronomics on Irrigated Spring Wheat
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INTRODUCTION

Wheat is a globally important food crop that experiences a constant
push towards improvement. With the rise of high throughput
phenotyping, interest regarding the relationship between phenomic
and agronomic data has grown within agricultural research.

By increasing the understanding of the connection between
phenomics and agronomics, breeders and growers will be able to
more accurately predict the performance of specific genotypes,
allowing for more precise selection towards high-yielding and stress-
tolerant varieties. With this study, we attempted to find highly
correlated relationships between phenomic and agronomic data
from irrigated spring wheat that could then be used to inform the
selection process.

DATA

Data was collected in 2022 and 2023 from an ongoing spring wheat
trial located in Othello, WA. The trial contained three separate
Irrigation treatments: full, partial, and low. Within each treatment, six
genotypes were grown, half of which were hard red varieties and the
other half which were soft white.

Drone images were collected weekly using a MicaSense RedEdge-
MX camera. Photosynthesis rate was measured twice with an LI-
6800 Portable Photosynthesis System. Three agronomic end traits —
yield (bushel/acre), protein content (%), and yield/protein deviation -
were measured at harvest.

SIGNIFICANCE OF THE YIELD/PROTEIN
DEVIATION
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Figure 2 :Yield/Protein Deviation for 2023

« Protein is an important agronomic trait that
determines what end-use a variety will have
Typically, there is an inverse relationship between
yield and protein content
When assessing the predictive power of this
relationship, it was found that it varies significantly
between years

METHODS

*Qgis was used to align shapefiles to drone images.

‘R was used to remove impact of soil and calculate NDVI using the
aligned shapefiles and drone images.

Correlation tests were run for each MicaSense RedEdge-MX flight and
LI-6800 collection date to determine the most associated timepoint.
*Anova tests were performed to obtain fitted values for each variety and
Its respective performance in each irrigation treatment.

*The fitted values were then used to assess the correlation between
variety performance by irrigation treatment and the previously
determined best fit phenomic timepoint.
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Figure 3: Correlation of drone flight dates and agronomic end traits for 2022
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Figure 4: Correlation of drone flight dates and agronomic end traits for 2023

RESULTS

*Relationship between agronomic traits, yield and protein content, was
found to be inconsistent

*High correlation was found with late season dates for all agronomic
traits - 07/01 for NDVI and photosynthesis in 2022, 07/05 for NDVI and
06/23 for photosynthesis in 2023

*The initial correlation becomes insignificant when broken down into
each irrigation treatment

CONCLUSIONS/NEXT STEPS

*More impact is coming from management practices than genotype
performance

*Perhaps individual phenomic dates would be more predictive for each
agronomic end trait - more research is needed to understand these
complex relationships

IMPACT OF INDIVIDUAL IRRIGATION
TREATMENTS ON NDVI/YIELD CORRELATION
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Figure 5: Correlation of most associated NDVI date and yield within each
irrigation treatment for 2022
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Figure 6: Correlation of most associated NDVI date and yield within each
irrigation treatment for 2023
Fig. 7: Correlations by Treatment in 2022

All Full Partial Low Source
Yield 0.61 -0.33 0.39 LI-6800

Figures 7 and 8: Correlation values
between each source of phenomic
data and three agronomic end

traits across all treatments and
Protein  -0.50 0.31 -0.73 LI-6800 within each treatment by year.

Yield 0.90 -0.70 0.26 0.59 RedEdge-MXx | Correlations were calculated using
Deviation 0.65 -0.71 -0.69 -0.53 RedEdge-Mx | fitted values obtained from an

Protein  -0.62 -0.05 -0.55 -0.59 RedEdge-MX ANOVA predicting variety

. ) . performance by irrigation
Fig. 8: Correlations by Treatment in 2023 treatment and the most

Deviation 0.35 0.21 -0.86 LI-6800

Trait All Full Partial Low Source associated phenomic timepoint.
Yield 0.89 045 -0.10 -0.89 LI-6800 Using data from all treatments
Deviation 0.14 0.54 0.47 0.58 LI-6800 and both years, a moderately

_ 022 056 057 positive relationship for yield and
Protein : : 0.47 V.57 LI-6800 a weakly positive relationship for

Yield 092 0.05 0.15 -0.10 RedEdge-MX| deviation were found with a

Deviation 0.07 -0.11  0.67 -0.38 RedEdge-Mx | feversalin trend for protein
_ between 2022 and 2023.
Protein 0.16 -0.11 0.68 -0.38 RedEdge-MX
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