AHEAD

OF THE

CURVE

@ The Promise of Al in Viticulture

Ros Harvey
Founder of The Yield

PULIDO-WALKER
A g X ¢




Overview

*What is AI?

*Are we ready?

*How are we going to get there?
*What are Napa growers doing?

*How can growers and the
industry get ready?




TECHNOLOGY
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What is Al?

SOME DEFINITIONS




What is Al?

Artificial Intelligence Al: Computer systems
Artificial that mimic human intelligence to automate

Intelligence

and optimise tasks

Machine Machine Learning (ML): Algorithms that learn
el from data to make predictions and improve
decisions

Deep Learning

Deep Learning (DL): Multi-layered neural
networks that analyze complex data (like
images) for advanced insights

Generative Al Generative Al: produces new content, such as
images, music or text, by learning patterns
from existing data

Large language
models are an
example of
Generative Al




1B

pages
of text

ChatGPT

The model was trained using text
databases from the internet. This
included a whopping 570GB of
data obtained from every book
book, webtext, Wikipedia, article
and other pieces of writing on the
internet.




How do we create Al models?

the training loop

Examples mpUt -

e Growing data "A collection

" Weather input 2 of adds and prediction observation
* Remote Sensing . 1

* Machines multiplies

* People

difference

input 3 ):"‘

There are lots of possible
inputs to the model. Being
selective really matters to

performance.

the training loop

change the model parameters to minimize the difference

The “"shape” of the model is called the model
class. There are many (!) to choose from.




Al Uses in Viticulture
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quandry
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For the dream, absolutely...

8 0 7 O/ agree that using real-time data and Al can
° (o] improve yield outcomes at lower cost per unit

Near universal agreement of respondents (98.7%) that
advance data analytics is important to the future of agriculture.

Survey of goo US agriculture business on-line survey report
https://www.thevield.com/resource/agtech-is-taking-root-in-specialty-crops/
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But the reality....

Percentage of Vineyards using Al in US

Aerial flyover technoloty or data analysis, using drone or airplane

Robts in the vineyard managing pruning, spraying, harvesting etc

All sensors in the Vineyard Predicting Potential Crop or Quality threats, based on
micrcolimate and wine conditions

Source: Wine Market Council and Wine Business Monthly, survey report, 1 Feb 2025




...coming ready
or not...




How do we get ready?

IT IS ALL ABOUT THE DATA




Getting your data Al-ready

Al Readiness Evaluation —
Is your data sufficient for Al
models?

Data QA —
How clean is the Data?

COMPLETENESS
all compulsory
fields have been
populated

CONSISTENCY
naming, spelling &
value types are
consistent across
the dataset

(varieties/regions).

VALIDITY
the type of data is
as requested and

there is no

duplication

TIMELINESS
there is not gaps
in the timeline
(missing years)

AMOUNT
has sufficient data
points for an Al
Models (blocks *
seasons)

GRANULARITY
thedatais
granular enough
(ideally, we want
block level data)

Source: Yamaha Agriculture

DIVERSITY
covers enough
years and weather
events (ideally 7+
years at least to
see patterns and
outliers' years)

RECENT DATA

years to capture
recent vineyard
practice




Getting your data Al-ready

Essential Quality

Volume . e

Uniformity

Granularity .
Spatial

Variety

Source: Yamaha Agriculture




Getting your data Al-ready

Mathematical Models

Advanced Mathematical Models
+ ML Enhancements

Weather Overlays

Lots of work to do
Advanced ML Modelling

Source: Yamaha Agriculture



Al Readiness AgCode @ @YAMAHA
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Source: v22 trial with AgCode and The Yield
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REATING VALUE FROM YAMAHA
Al READY DATA AgCOde m( %NCULTUHE

YAG Accuracy of Yield Predictions at Fruit Set
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How are we going to get
there?

YIELD PREDICTION CASE STUDY
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WHAT IS YOUR Al RISK APPETITE?

Innovators Early Adopters Early Majority Late Majority

Innovators love to Early adopters can be Population that Skeptics who don’t

discover new ideas thought of as follows opinion really like change &

and inventions influencers leaders pressured to adapt

— 100%

— 75%

—1 50%

— 25%

Laggards

Lazy bones that only adopt
to a new product when
there’s no choice

uonelauad 1Ie Nl




Case study: Yield Prediction
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Case study: Yield Prediction

Current

Practice

Estimation Model

Human Count Yield Estimate

Pathway 1 Al replaces traditional models using
customers historical data .
and weather Comblne
Pathway 2 Machines and Al bOth

replace human counts




We are not ready...

Environment data

Weather, remote sensing,

Genetics data
Crop data: History of

yields, cultivars, root
stock, infrastructure from
growers

Crop Management Practices data

reliable data on on-farm
management practices




Yamaha Agriculture Al Models roadmap @YAMAHA

AGRICULTURE
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Model Accuracy Performance by Aggregation Level (US) v24 &YAMAHA
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YAG expects,
based on 2-year
R&D project
results, to
exceed 80%
accuracy at fruit
set in production
by adding visual
scanning to
models

Highly Confidential

Copyright © Yamaha Motor Co., Ltd. All Rights Reserved.



Predicted vs Actual Harvested Areas by Day &YAMAHA
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Analytics Portal — Tonnage per week by variety

Harvest quantity predictions for each variety on a weekly basis.

Enables optimisation of resource allocation in vineyards
@YAMAHA

AGRICULTURE

GOYAMAHA

AGRICULTURE
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NAPA GROWERS AND Al




Brainstormed ideas for how to create value
for clients — narrowed to 5

Focused on logistics (crew & equipment) had
the data from AgCode payroll feature
Selected a company to implement. More

complicated than expected due to farming
variables.
Became too expensive and paused

V25

* PE investor led. Decided to continue with
previous logistics topic

* Pivoted to implementing orchard robotics for
accurate yield estimates & vineyard health
(virus detection & % producing)

Kelli Cybulski, Director of Sales and Marketing

What did we learn?

Be clear on how you going to create
business value

Expensive so you need strong
management and financial backing
Make sure data is clean and ready to go
Understand what Al is and what it
capable of delivering now

Need champions and early adopters




Kia Behnia

Co-founder/ CEO of Scout

Proprietor NEOTEMPO

J Wines

SOLUTION

* 2025 is the fifth season for us in vineyards and our third as a commercial company
*  Purpose-built Al Software for managing vines and vineyards using computer vision
for ground photos and Al for modeling and advanced analytics.
* Industry-leading precision with vine level insights
*  Al-analyzed plant - level imagery for:
» Automated vine counts,
» Disease mapping and detection
+ Yield forecasting
*  Single unified solution for in field scouting, crop evaluation and remote monitoring
for viticulture and vineyard operations teams
»  No custom hardware - compatible with smartphones, tractors, ATV's and Robots

Key Lessons Learned Over the Last 4 Years:
Al is great at consolidating data and summarizing it into information
and knowledge - so build a foundation first.

+  Start with inventory (automated vine counts) and then layer on
performance monitoring, Yield forecasting or virus mapping.

+  Start with the end in mind - start with the metrics, KPIs and then
measure them - otherwise data for data sake.

*  All our customers now have mutual success plans for the project -
“what do we want to achieve with Al"

*  Ground Truth Sampling is key to calibrate the Al model for adjusting for
occlusion and disease scouting.

» Alisonly as good as the quality of the data it uses - garbage in garbage
TEAM & PARTNERS out - GPS / RTK is spotty in certain mountain areas.
+  Crop specific Al models are paramount to yield forecasting- “apples

don't shrink in a heatwave”

+ Development and field team: Built by a team of growers, researchers, »  Red Leaf symptoms are very tricky to diagnose - start with abiotic
technologists with deep roots in vineyards. stress.

»  Tech Partnerships: Monarch Tractor, Trimble, Arrow

«  VMC Partnerships: Eight+ Vineyard Management Companies are
partners in Napa and Sonoma

+ HQ Based in Northern California (Davis, Napa)

* 50+ Vineyards in napa & Sonoma




| Scout Gen 5:

Measure. Analyze. Manage Smarter

Asset Inventory

Fruit and Yield Forecasting



Yamaha Al Integration — V24 to V25

V24 Select and Validate

Identified top-performing agri-tech, including Yamaha Agriculture.
Conducted Al readiness and accuracy review with Yamaha to ensure fit.
Ran a blind trial of V24 harvest to benchmark against current processes.

V25 Solution Focus
Committed to Yamaha Yield Prediction.
Prioritizing yield forecasting and harvest timing optimization.

Planning an end-of-season accuracy reconciliation to validate model performance.

Benefits: Data Drives Precision
Early-season forecasts at the block level scale are available from January.
Historical data integration improves forecast accuracy over time.
Real-time GIS and weather data ensure location-specific insights.
Accuracy measurement builds trust and supports decision-making.

People & Change Management
Supporting adoption through training, communication, and change leadership.
Ensuring teams understand Al capabilities and how to leverage them.
Building internal champions to drive engagement and value realization.

FOLEY FAMILY

FARMS




For Growers

 Setyour risk appetite

e (et your data Al-
ready

* Pick a problem an
solve it using KPIs

e Useevidenceto
build trust

e Work with reliable
nartners who will
ast the distance

* Protect your data




For industry

Collaborate to get the
framework right for:

e Openand
interoperable
systems

e Protect data
ownership

e Build the skills of
the future

e FEvidence-based
performance
assessment and
benchmarking of
vendors

e Technology and
R&D roadmap




Ros Harvey

Ros.Harvey@outcomepartners.net
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