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Overview

1) Genetic gain in maize: Trends in yield and the breeder’s equation.
2) Maize yield components and evolution of secondary traits.

3) High throughput phenotyping:

 Computer vision algorithms applied to ears, cob and kernels.

Computer vision algorithms applied to tassels.

Hyperspectral imaging scanner to analyze maize kernels.

Use of unmanned aerial systems in plant breeding.
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Grain yield (bu/ac)
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Historical corn grain yield in the U.S

U.S. Corn Grain Yield Trends Since 1866
Data Source: USDA-NASS (as of Jan 2020)
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Genetic gain: The breeders equation
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R : Genetic gain over time.

i : Selection intensity.
I : Selection accuracy.
o, : Genetic variance.

y : Years/cycle

How can high throughput phenotyping
help breeders accelerate genetic gain?

Grow and phenotype more plants.

Measure traits better (higher accuracy).

More and better genetic diversity.

Speed breeding.
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Decomposing genetic vield gain

Corn
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The general agreement is that
approximately 50-60% of the grain
yield gain is attributed to hybrid
maize breeding (Duvick., 2005)

[llustration by Dr. Justin McMechan UNL.
(reproduced with permission)
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Changes that have accompanied genetic yield
gain in hybrids

* Plant and ear height * Grain-filling period
 Leaf angle * Kernel weight

* Tassel size * Grain protein percentage
e Leaf number * Grain starch percentage
 Leaf area index (LAI) * Resistance to lodging

* Leaf rolling e Resistance to stress

* Staygreen
* Tillers

° WISCONSIN

IIIIIIIIIIIIIIIIIIIII -MADISON



Response to changes in plant density
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Need of high throughput phenotyping technologies

Limited phenotyping
ability.

Rapid decline in genotyping costs:

Massive genetic data available.

Breeders and geneticists need good
guantity and quality of of both genetic and
phenotypic data to establish associations
and predictions.
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Phenotyping technologies available to
accelerate genetic gain

1. Computer vision applied to maize:

1.1 A robust method for computing maize ear, cob and kernel attributes automatically from images.
1.2 TIPS: a system for automated image-based phenotyping of maize tassels.

2.Hyperspectral imaging applied over maize kernels:

2.1 Maize kernel composition and morphometrics using NIR hyperspectral imaging.

3. Use of unmanned aerial systems in maize breeding:

3.1 Unmanned aerial vehicles to predict yield using temporal estimates of plant height.
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1. Computer vision applied to maize

Case 1.1: A robust method for computing maize ear, cob and kernel attributes automatically
from images.

Miller et al., developed algorithms and methods to precisely obtain key yield components using
simple flat bed scanners.

Some of the traits obtained:
- Ear length and width

- Cob length and width

- Kernel length and width
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1. Computer vision applied to maize

Case 1.1: A robust method for computing maize ear, cob and kernel attributes automatically from

images.

d)

& >e 6w
L A

! %i@.}

Width

(D.Hula!)

Proximal segment

Hand measurement (mm)

180

160 A

140

120

100+

80+

& Earlength, r’=0.99
o Cob length, r?=0.93

—

e
w H »
(&) o )]
1 1 ]

Hand measurement (mm)

N
[6)]
1

20 1

T T T T T 1
80 100 120 140 160 180
Alaorithm measurement (mm)

e Ear width, r*=0.99
o Cob width, r* =0.92

11

T b T hd T . T b T . 1
20 25 30 35 40 45
Algorithm measurement (mm)

Miller et al., 2016 The plant Journal.

WISCONSIN

UNIVERSITY OF WISCONSIN-MADISON



1. Computer vision applied to maize

Case 1.2: TIPS, a system for automated image-based phenotyping of maize tassels.

1. Sample 2. Image
Collection Acquisition 3. TIPS.m

Background removal
and binarization
Perimeter Length;
Fractal Dimension;
Area

Spike Length

Tassel Length Smooth binary

image
Compactness
4. Output -=——
Primary Branch Count: ﬁﬁge;‘f,?p”;f:gs
Branch Number imgName.csv: trait measure- & fit splines

ments and error messages Skeleton Length

imgName.png: figure
showing binary tassel and
illustration of measurements Identify lowest
tassel branch
Tassel Length; Tortuosity;

Phenotyping the tassel is important for: Branch Number
- Inbred increase.
- Hybrld prOdUCtion' Gage et al., 2017 Plant Methods.

- Hybrid performance. 12 WISCONSIN




1. Computer vision applied to maize

Case 1.2: TIPS, a system for automated image-based phenotyping of maize tassels.
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1. Computer vision applied to maize

Case 1.2: TIPS, a system for automated image-based phenotyping of maize tassels.

Tassel Weight

8000 12000
Image —based (mm2)

16000

Trait r CV(RMSE)
Tassel weight 0.85 0.24
Tassel length 0.89 0.06
Spike length 0.74 0.13
Branch number 0.66 0.38

Correlations (r) and coefficient of variation of root mean squared error
[CV(RMSE)] between hand-measured and image-based phenotypic values for
four traits in the WiDiv, calculated based on genotype means across two field

replications
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2. Hyperspectral imaging applied over maize

Hyperspectral imaging delivers high density spectral information.

Spectral data can be treated as predictors for traits of interest (e.g., kernel composition).

Having spatial coordinates of each pixel allows to combine computer vision with chemometrics.

RGB Imaging Hyperspectral Imaging

Red (R) RGB

Green (G)

Blue (B)

Reflectance

Intensity

< - > B G R uy——————> NIE
X
Wavelength 1 Wavelength A

Lu and Fei, 2014. Journal of Biomedical optics. WISCONS[N
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2. Hyperspectral imaging applied over maize kernels

Case 2.1: High Throughput non-destructive prediction of maize kernel composition and morphology
measurements using an NIR flatbed scanner.

Advantages of the scanner:

-Stable focus.

Direct measurements

-Controlled illumination. bt
-Live screen visualization.
-High speed. }S"Sé?aézme's [PLsr | — Predcions
spectrum protein
vitreousness
density
weight
each kernel's classmes volume
average spectrum —p PLS DA| —» embryo up
at center or down

Varela — Unpublished Data
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2. Hyperspectral imaging applied over maize kernels.

Case 2.1: High Throughput non-destructive prediction of maize kernel composition and morphology

measurements using an NIR flatbed scanner.
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Endosperm vitreousness:

Tightly related to kernel density (Test weight!)
Important for ruminant nutrition.

Pathogen resistance.

Kernel mechanical resistance.
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Similar prediction values as
destructive techniques:

- Protein

- Density
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2. Hyperspectral imaging applied over maize kernels.

Case 2.1: High Throughput non-destructive prediction of maize kernel composition and morphology
measurements using an NIR flatbed scanner.
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By extracting pixel-wise NIR absorbance it is possible to Applying the morphometric algorithms over the binary,
apply simple ML algorithm to classify each kernel and precise measurements of kernel length and wigdth are
apply the most accurate prediction model. obtained. Varela - Unpublished Data WISCONSIN
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3. Use of unmanned aerial systems in plant breeding.

* Need to increase the throughput of in-field based phenotypes such as:
* Plant height
* Flowering time
* Diseases
* Yield -

* Unmanned Aerial Systems equipped with:
* RGB cameras
* Laser scanner technology (Lidar)
* Hyperspectral Sensors
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3. Use of unmanned aerial systems in plant breeding

Case 3.1: Prediction of maize grain yield before maturity using improved temporal height estimates of

unmanned aerial systems.

AB-line UTM Coordinates

FIEI.DimageR

“ANN

Open source software for orthomosaic
images from field trials.

o= Experimental Field Design

R/UAStools::
plotshpcreate

+ Plot Dimensions

Anderson et al., 2016 The Plant Phenome Journal.
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3. Use of unmanned aerial systems in plant breeding

Case 3.1: Prediction of maize grain yield before maturity using improved temporal height estimates of
unmanned aerial systems.
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3. Use of unmanned aerial systems in plant breeding.

Case 3.1: Prediction of maize grain yield before maturity using improved temporal height estimates of unmanned

aerial systems.
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3. Use of unmanned aerial systems in plant breeding.

Case 3.1: Prediction of maize grain yield before maturity using improved temporal height estimates of unmanned
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Heat map comparing correlations between grain yield (GY), manual terminal plant height (PHT), flowering time (days to
anthesis [DTA] and days to silking [DTS]), logistic parameters (asymptote, growth rate, inflection point), and unmanned aerial
system (UAS) P95 estimates by flight date for the optimal planted, unirrigated trial (DG2F) surveyed via the fixed-wing UAS.
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Final remarks

* Plant breeding relies strongly on measuring large amounts of genotypic and
phenotypic data.

* Hight throughput phenotyping platforms are key component to release the
pipeline bottleneck.

* Everyday new technologies are made available to measure and predict crop
traits.

* Currently there is a rapid adoption of Machine Learning techniques that
combined with advances in computer vision and remote detection can
measure/identify complex phenotypes in an efficient manner.
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