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The Opportunity

The growing availability of data present an opportunity to improve the resilience

and efficiency of food and agricultural production on a scale unimaginable even
one decade ago.

National Academy of Sciences: Science Breakthroughs to Advance Food and Agricultural
Research by 2030 (2017).

The Challenge

We are drowning in information, while starving for wisdom. The world henceforth will be
run by synthesizers, people able to put together the right information at the right time,
think critically about it, and make important choices wisely.

—Harvard biologist E.O. Wilson, 1998. Consilience: The Unity of Knowledge p.294
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Phenotypes

- Genotype performance evaluation

- Earliness, Yield

- Disease/insect resistance/tolerance

- Stress tolerance (e.g. drought, heat, salt)
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Environment

- Irrigation

- Fertilizer

- Weeds

- Growth regulator
- Disease / Insects
- Harvest advisors

Best Management
Practices




a
~ . G

Plants j,f" )
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" Plant Height,
’ Canopy Cover,
Canopy Volume

NDVI, ExG,
Other Vegetative

Indexes

Weather, soil type, soil moisture, management (seeding rate, planting date, nutrition)



Location : Driscoll, Texas
Field size : ~100 acre
Grid size : 10m x10m
UAV data (250,000 sacre)
*  Plant Height

*  Canopy Cover

s Canopy Volume

ExG, NDVI

*  Other RGB or MS VI as needed
Ground data (validation), Yield
(machine harvest), Sentinel Il signals
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Canopy Cover (%)

100 4 parameter logistic model
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Days After Planting
Rate

1) Early Relative Growth Rate

2) Late Relative Growth Rate

3) Early Half-Max Rate

4) Late Half-Max Rate

5) Maximum Growth Rate

6) Maximum Height (from sigmoid)

140

Canopy Cover (%/day)

25 4 parameter logistic model
__________________ ax Growth Rate = 2.130 percent/day @ 62 diys
2.0 '
Peak-D1=15.45 days
D2.peak=18.73 days
1.5 D2-D1=34.18 days
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Timing

7) Early Half-Max Date

8) Early Half-Max Duration
9) Late Half-Max Date

10) Late Half-Max Duration
11) Max Growth Rate Date
12) Half-Max Duration




Our Strengths & Competitive Advantages
(boxes in maroon)

Texas A&M Agrilife & Purdue

UAVs, Simulation Models, Satellites,
Robotics, Genomics, Soils, Weather

Big Data Big Data Management

and Analytics

Predictive . * Microsoft
’ . Cloud Computing
it Connectivit .
Prescriptive -_ 5G. 10T y Analytics - Amazon
Management Tools : * Google
* Oracle

Machine learning

1

Texas A&M System

Modeling Artificial Intelligence Statistics

Data Mining Machine Learning Data Clustering
Optimization Neural Networks Regression Analysis
Simulation Pattern Recognition Risk and Uncertainty



ORACLE/TAMU/Purdue/AgrilLife Cloud UASHub System

UAS
Pilots

CPU/GPU Cluster

Web Server Storage Server

Raw data

Custom
Built
Algorithms




The Unreasonable
Effectiveness of Data

e Eugene Wigner (1960) - The Unreasonable
Effectiveness of Mathematics in the Natural
Sciences

e F=ma
¢« e =mc?

e Halevy et al. (2009) — The Unreasonable
Effectiveness of Data

* Fairly simple machine learning algorithms
performs almost identically well on a
complex problem of natural language
disambiguation once they were given
enough data

Test Accuracy

1.00
0.95
0.90
0.85
0.80
—©—Memory-Based
0.75 —)¢— Winnow
—4A— Perceptron
—@#—Nalve Bayes
0.70 . v . Y
0.1 1 10 100 1000

Millions of Words

(Banko and Brill, 2001)
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UAS based HTP System Development |

RGB

LiDAR DSM

Hyperspectral SWIR
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Texas A&M AgriLife UAS Project Data (2018)
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Canopy cover (percent)

Growth rate (%/day)
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UAS based HTP
workflow v1
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parameters AL Jlodel Variable
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4,800 data points

Artificial Neural Network
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Integration of UAS HTP and Satellite RS for Precision Agriculture
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(Ref: https://machinelearningasaservice.weebly.com/blog/what-is-a-training-data-set-in-machine-learning-and-rules-to-select-them)
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Integration of UAS HTP and Satellite RS for Precision Agriculture
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(Ref: https://machinelearningasaservice.weebly.com/blog/what-is-a-training-data-set-in-machine-learning-and-rules-to-select-them)
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