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About TheYield

* PrecisionYield Management
platform for specialty crops

Linking on-farm production with
your value chain

* Trusted by global agrifood
businesses since 2014

* World leader in applied
Al/ML for agrifood

INVESTORS

v

INDUSTRY PARTNERS

Ros Harvey Ryan Bolduan Chris Mendes
Founder & CEO CPO CTO

Patrick Maguire Dr. Evan Webster Helen Mihelic
COO/CFO Lead Data Scientist Lead Product Manager

RESEARCH PARTNERS

@YAMAHA ) BOSCH AgZFunper ¥ Microsoft

CONFIDENTIAL

i==: < databricks )( foodagility &.UTS



— A 4 =
W\ THE *
i b P\What feedbackhave | YIELD :

we heard?

Research from over goo Agribusiness in US



Specialty crops teams are fighting an uphill battle
both on-farm and off-farm using legacy methods
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The future of agriculture: specialty crops agribusinesses

believe Aglech can help them and they are overwhelmingly
positive about advanced technologies

real-time data and Al Over 80% 3 out of 4
can improve yleld believe Al can improve
outcomes at lower data analysis and the
cost per unit accuracy of yield

prediction and estimation

say Al will help
them accomplish
complicated data

analysis at scale
“IIIIIIIIIIIIIIIIIIIIIIIII.
= The vast majority of respondents
= agree (98.7%) that advanced data
E analytics is important to the
» future of agriculture.
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This is an important evolution 75% 95.5%

because more than half of believe that digital

specialty crops already rel say inflation is a top transformation will
p. . Y P . yrely factor driving AgTech drarsﬁ:salcl);rzﬁar?gne\x:;]eir
primarily on their on-farm data to adoption at their

jobs as they know it from

guide growing. company now into the next decade




Aglech procurement and budgets are increasing to solve

pressing challenges faced by specialty crops agribusinesses

Companies have identified an initiative or have established budget for
(respondents were able to select all that apply)

6 6% ;_quo PN O5®

=
say their company’s - - ” —
b}ldget f0|:AgTech will Precision crop Improving . -
increase in the next management irrigation Yield prediction
s 64.4% 59.7% 55.2%

“-lll...

/ In the next 24 months,
companies will increase investment in
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P —— 1) = would find it valuable
[ T to have one place to
Precision Farm access all the data and

agriculture management apps needed to do

tools software

their jobs
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Not only are people using”\\ A « +
many different applications,
but their data is scattered, and
they’re spending Esu?vldéi
excessive tlme to collect, collate

. and analyze data and analyze data
on data ana IYtl cS for 77% of for 25% of

respondents | respondents

16+
HOURS
PER WEEK

to collect, collate
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WHY DOES DATA MATTER?



IF YOU MEASURE IT THEN YOU CAN

MANAGE IT « Making better decisions every day based on data.
* Understanding the past and recognizing patterns.

* Using data and tools to scale operations.
//////Y“\” * Industry: benchmarks, competitor analysis, trends,
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sharing the cost.
* Compliance and Sustainability.

IF YOU PREDICT IT THEN YOU
* Weather DE-R'SK T

* How much will | produce?

* When will harvest happen?

* What Quality/Size/'x" am | likely to get?
* What's driving that outcome?

* Supply Chain and Logistics

* Pricing

* Climate Change



IF YOU MEASURE IT THEN YOU CAN
MANAGE IT

iy,
///// /f//////”‘ \" Business Intelligence, Analytics,
ﬁ/m/ | 2[ Backward facing or at best near real time.

IF YOU PREDICT IT THEN YOU
DE-RISK IT

Predictive Models, including Machine Learning / Al
Recommenders
Forward looking.



Demystifying Machine Learning

Model Development

Wide range of data from a
wide range of places over an
extensive period of time

>

Machine
Models and
algorithms
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Feature Selection:
What data actually matters?

Algorithm Selection:
What method works best
across all the data | have?

Data Scientist
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TRAINED MODEL
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Specific Historical Data
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Running

Customer/Site
Specific Recent Data
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Vision

Recommendations can

A predictive model will give you a

“landing zone” which you can
manage within and change by on-

Supply chain constraints
processing, marketing, plant & equipment, labor, etc.

There is also a role here for
robotic sin application and

o be used to help make farm practices (driven by business
@ more targeted decisions needs / logistics)
> every day as the team
manages the crop
Upper o assnannnnnnannnn
potential On-Farm
/\//\/\ Recommendations E :
. Yield Predictions |
Lower L . T I T .....................é......................é.................
potential
On-farm activities Crop constraints : :
Use data and business Crop Manipulation Weather
constraints / targets to Crop pro?ect{on Crop agronomy
respond to emerging Irr/gqt{on
conditions over the Nutrition Optimization : :
. Harvest timing

data gathering
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| Let's look at what
data can tell you




Mobile App

Putting Weather Data to Work

General Spray Window
Sulphur Spray Window

TheYield turns complex analytics into
actionable insights

Our platform send these insights:
* to peoplein easy-to-use apps

* torobotsandIT systems
‘g 13.0 « ‘.0. 77.0

The future: closing the loop with data collected by

22 10.0 kph /// 0.29 kPa «® 2.3

robots feeding back into our algorithms, making The
Yield’'s recommendations even more valuable



AustralianV23 ~ 3 - 4 weeks late and 30 - 40% down

Example of the impact on La Nina in Barossa (2021 — 2023)

Cumulative Rain

38% higher
than other La
Nina years
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15% lower than
other La Nina
years




Weighted Accuracy (%)

Wine: TheYield’s predictions are improving over time
wine sector — 40% more accurate than using long term averages

Fruit Set (end of November) Veraison (end of January)
100
90
__ 80
S
= 70
S 60
3
g 50
©
9 40
e
2 30
= 20
10
National Region Vineyard Variety Block 0 ) . ) )
National Region Vineyard Variety Block

Wv21 Ev22 EvVv23
mv2]l Emv22 mv23

With the right technology this can be run as often as you want as new data emerges — think Climate Change.



Early-stage Research Results for Kiwifruit Harvest
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What makes data useful for Bl and Al?

® Volume Variety

V)

[

Granularity Uniformity



Uniformity matters...

Time =

Harvest Quantity
Waste

Weather
Irrigation
Thinning

Spray

Pests

Inputs that matter*

*Hypothetical

X X X X X X X

X X X X X X X

X X X X X X
X X X X
X
X X

Unfortunately, all this data
just “adds noise” to a ML
model and makes the
model’s job harder.




Inputs that matter*

We need uniform data to train on...

Harvest Quantity
Waste

Weather
Irrigation
Thinning

Spray

Pests

X X X X X X X

X X X X X X X

Unfortunately, all this data
just “adds noise” and
makes the model’s job
harder.

*Hypothetical
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Using robots to deliver spray is a major efficiency
...and why not use that robot to collect stuff you just
would never collect today?

In field observations of growth stages, bud counts,
fruit development and quality, disease.

Reliably collected, time-stamped and geo-tagged?

x‘ Robotics

B Plus
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So what do you need to bring this together?

* Collect the right data and at the right quality level in a
flexible platform that enables you to leverage it

* You need the right data model

* You need to be weather aware leveraging data over many
seasons — this is challenging for most people

* Delivery Mechanisms — of insights and action-oriented
recommendations to the right hands —in field and the supply
chain

* Capability: Transformation, Data Analytics and ML
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\ {) . Chris Mendes

C O n t a Ct chris.mendes+@6’:clh4e3?eolc71i1<;2r;15
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http://www.theyield.com/
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