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Project Objectives

Develop site specific pathogen management program based on
risk
Make tools available to the grower community that improve
crop management
Reduction in fumigant use while maintaining yield
Improved capabilities for pathogen detection and quantification in
soil
Drone flights to evaluate plant vigor and identify problem areas
Look for correlations between vegetation index (crop vigor) and yield
Develop models to predict crop yield



Quantification of soilborne pathogens

Risk Assessment

Molecular diagnostic assays
developed for:
- Verticillium wilt

« Fusarium wilt (strawberry and
lettuce)

« Macrophomina (strawberry)

Detect the pathogen in plant
material

Quantify pathogen in the soil

Low Rate: 338 ft, 2.21 acres High Rate: 520 ft, 3.30 acres Medium Rate: 197 ft, 1.25 acres
220 Ibs/ac Tri- Form80

440 Ibs/ac Tri-Form80

330 Ibs/ac Tri form80
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Drone Flights to Assess Plant Vigor

- Evaluate plant health throughout the season
- Weekly drone flights to collect data for calculating vegetation indices

Resampled mean NDVI
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Remote Sensing Data Collection

Follow NDVI of individual plant over time
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Precision Yield Data Collection

- Evaluate plant health throughout the season

- Quantify yield
Weekly Cumulative Yield Map

Precision Evaluation of Yield
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Developing Yield Prediction Models

- Evaluate plant health throughout the season
- Quantify yield
. Develop yield prediction model Agkit Sensor System

Spectrometer Integration

Spectrometer for plant Spectrometer for sun

Agkit Sensor SyStem radiation collection radiation collection

Video Cameras

Right camera Agkit Left camera
view view

. Troy Magney — UC Davis
Mason Earles — UC Davis



Developing Yield Prediction Models

Data Annotation for Model Training
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Additional Types of Data Analysis we
are Working Toward

- Develop site specific fumigation strategy that reduces fumigant use but
maintains yield

- Look for relationship between pathogen inoculum density and disease
severity — and how this impacts yield

- Look for relationships between vegetation indices and yield
- Develop predictive model for yield using imagery from Agkit

- With higher resolution reflectance data collected by Agkit look for other
vegetation indices that better reflect plant health and yield



Advancing Plant Health
Monitoring with Drones

Jon Detka, PhD
Postdoctoral Researcher, WATRS Lab

NASA

USDA CalState
= McntereyBay



Presenter Notes
Presentation Notes
Good Afternoon everyone, My name is Jon Detka and I am currently a postdoc researcher, based at CSUMB in the Water, Agriculture, Technology, and Remote Sensing Lab (WATRS) for short. The lab is run by Dr’s Forest Melton, Susan Alexander, and AJ Purdy. 

Today I’d like to share a bit about me, my expertise, and my vision for future collaborations. 
The title of my presentation today is; Advancing Plant Health Monitoring with Drones

Before, I dive in any deeper. I’d like to thank the CSU Agriculture Research Institute for the invitation to speak today. �It’s been exciting to learn more about all of the great research and strong collaborations that the CSU-ARI has supported. 




Current Research

Site-specific soil pest management in strawberry and vegetable cropping systems using crop
rotation and a needs-based variable rate fumigation strategy

Project Goal: Develop a multi-tactic site-specific management program to reduce soilborne pathogens.

Research Goal: Develop drone-based monitoring approaches for early disease detection and link to estimated yield.

Al-related Research Questions

Can we use deep-learning image analytics to map fieldwide plant
health?

Can we use machine learning to estimate disease prevalence
and impact on yield?
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From Holes to Harvest
A Drone-Based Approach to Strawberry Canopy Positioning and Yield Estimation

1 TrdBepkmatd alesgerrk the initial positions of plants.

* multispectral imagery
Foundationag fpr digrkinguieey growth, health, and productivity over time.

2. Calculate spectral index
* Near Infrared — Blue

3. Mask Furrow and Bed

4. Isolate potential holesEEe=


Presenter Notes
Presentation Notes
Start small – literally – leverage high resolution imaging capabilities of drones to VHR multispectral imagery across entire field starting shortly after plant installation. 


‘'owards an automated plant health classification and yield estimation

1. Can we create an automated rapid
classification method for strawberry canopy
health status at field scale?

2. Can we make predictions about peak
disease prevalence using changes in plant
health?

e Oxnard, CA.:; 2 Acre Field,
e 50k plants, short-day variety
e Flights: 12/7/22 - 6/20/23
e Continuous Crop
e Persistent M. phaseolina

NIR — Red Edge
NIR + Red Edge

NDRE =



Presenter Notes
Presentation Notes
My research questions are: 1, 2

I’m going to share some preliminary results on an approach I’m testing using data from Oxnard, CA. 
Pictured here is a 2 acre field site with about 50,000 plants. 
The flight dates are during the growing season which was from —-
A standard Chloropicrin treatment was applied and this site had continuous strawberry cultivation with no rotations. 
The site has experienced repeated outbreaks and extensive dieback from Macrophomina phaseolina.

*** I wanted to see if I could model canopy health based on a common vegetation indice called NDRE (Normalized Difference Red Edge) �     NDRE can provide a good measure of canopy chlorophyll activity. 


@Toward an automated rapid classification method for strawberry
canopy health status at field scale.

Bl 0 - 10% Healthy

10 - 23% Moderately Stressed
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Presenter Notes
Presentation Notes
Here’s how my classification approach works. �Its a three phase process that involves 1) identifying the plant, 2) delineating live/stressed canopy, 3) assigning a categorical classification to an equal area buffer around each plant. 

**** I’ve zoomed in on a subset of plants to give everyone a sense of how we can track the change in disease cover through time. 



Preliminary Results — Canopy Health Status

Health Status
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Stressed
. Critical
Total Plants = 52,420
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Presenter Notes
Presentation Notes
To circle back to the question. Yes, it needs some work still but for the most part the approach provides an estimate of each plant’s health status. 

*** Here in the bargraph we see the rapid transition from predominately healthy plants to unhealthy in June. 


stimating peak disease prevalence using changes in plant health

Approach: Predict end-of-season plant status given prior time windows.
Time Windows

® Early to mid-season growth (Feb 9 — Apr 21)

® Peak growth and fruiting (Apr 21 — May 15)
® Emerging health challenges (May 15- Jun 1)

® Extensive disease symptoms (Jun 1 —Jun 10)

Model Input Features
® % Dieback and % Growth - Change Over Time

® Distance to Nearest Unhealthy Neighbors



Presenter Notes
Presentation Notes
Next I wanted to make predictions about end of season plant status at prior time windows during the growing season. 

I divided the season up into windows based on what was happening in the crop. 

Then I calculated the changes in dieback cover in terms of the plant itself, and the entire hexagon sampling area. 
I also thought it would be interesting to see if distance to the nearest unhealthy neighbor had any effect too. 


.

ing changes in plant health

Make predictions about peak disease prevalence us
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Presenter Notes
Presentation Notes
Informed by only changes in dieback cover and distance to the nearest diseased neighbor, I was able to develop a machine learning algorithm that predicts the end of season critical (> 50% diseased canopy)


Insight & Next Steps

e Promising approach for identifying healthy plants mid- and late-season.
e Refine identification of critical diseased cases.
e Next steps
o Survey and analyze day-neutral growing regions.
o Explore the utility of other spectral features to identify plant stress.
o Estimate plant health impact on yield.

o Examine the efficacy of variable rate fumigation.



Implementation and assessment of variable-rate fumigation in
strawberry fields through precision tools

Objective:

> assess the viability of using variable rate fumigation in strawberry production



On-farm experiments in Salinas and Oxnard between 2020 -2024

Stawberry Panting Fumigation Fumigation rates

Field Season variety date Fumigant method (Ibs/ac)
Salinas Field 2 2021-2022  Cabirillo 10-Nov Pic-Clor60 EC Drip low 180
medium 259

high 351

2023-2024 Cabrillo  13-Nov Pic-Clor60 EC Drip medium 330

high 417

Oxnard Field 2022-2023 Fronteras  1-Oct Tri-Clor Broadcast low 250
medium 300

high 350

2023-2024 Fronteras  1-Oct Tr-Clor Broadcast low 250

medium 300

high 350




Salinas field 2: 2021-2022 season ” F. Martin, S. Fennimore, and team

Application of reduced fumigation rates in areas with lower pest
pressure did not appear to impact crop health and yield.

low rate
180 Ibs/ac

medium rate
259 |bs/ac

high rate
351 lbs/ac

2021-2022 §
fumigation rates £

Results >




Salinas field 2: 2023-2024 season || F. Martin, S. Fennimore, and team

Consistent patterns: No significant difference in mean NDVI and yield
between plots with ‘medium’ and ‘high’ fumigation rates
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Reduced fumigation rates in areas with historically lower pest pressure
help reduce fumigation cost without compromising yield
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Will variable rate fumigation perform as good as a
standard uniform rate?

Pest pressure Standard: Variable rate
“risk” Uniform rate fumigation

20 gal/ac




Oxnard field : 2022-2023 season || 0. Daugovish, A. Putman, C. Greer, and team
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Standard VS Variable rate: Implementation of variable rate fumigation
did not significantly impact crop health and did not compromise yield

End-of-season NDVI (July 2023)
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Oxnard field : 2023-2024 season || O. Daugovish, A. Putman, C. Greer, and team
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Standard VS Variable rate: Implementation of variable rate fumigation
did not significantly impact crop health and did not compromise yield

Mean NDVI
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Variable rate fumigation is a viable tactic for reducing the quantity
of fumigant applied maintaining crop yield
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Key Findings:

« Ability to map out areas where plant collapse occurred within a field

 Prediction of areas where plant collapse is likely to occur

» Application of reduced fumigation rates in areas with historically lower pest
pressure reduces fumigant use and associated costs without compromising
yield

« Current data suggests that variable rate fumigation is a viable tool in strawberry

production
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