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ML is beginning to match or exceed human performance

Imagine what you could do with it

“ We use algorithms to discriminate 

early-season vegetation that is barely 

visible due to its size, and generate a 

health score and anomaly algorithms 

that identify unusually high or unusually 

low stress … These algorithms generate 

metrics so that farmers can rank and 

prioritize the actions they need to take”

- Greg Rose, VP of Product, IntelinAir

Link to MathWorks story

https://www.mathworks.com/company/mathworks-stories/ai-aerial-image-analysis-for-agriculture.html?s_tid=srchtitle
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Agenda - Machine Learning (ML) for Agriculture 

▪ How do you get started quickly?

▪ How to make your ML projects successful?  

▪ What does success look like?

▪ Conclusion / How we can help you?
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50% of organizations are at least beginning to plan for AI  
Source: Real Truth of Artificial Intelligence by Whit Andrews. Presented at Gartner Data & Analytics Summit 2018

… but they are facing a main obstacle:  

https://www.governmentnews.com.au/supply-of-ai-workers-failing-to-meet-demand/

https://www.disruptordaily.com/ai-challenges-agriculture/

“The majority of farmers don’t have 

the time or digital skills experience 

to explore the AI solutions space by 

themselves.”

“AI engineers know little about 

agriculture, the problems and 

the opportunities in this field”

https://www.governmentnews.com.au/supply-of-ai-workers-failing-to-meet-demand/
https://www.disruptordaily.com/ai-challenges-agriculture/
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You don’t have to be a data science expert

Later in this webinar:

Link to user story

“I spend a lot of time in the clinic, and don’t have the time or 

the technical expertise to learn, configure, and maintain 

software. MATLAB makes it easy for physicians like me to get 

work done and produce meaningful results.”

- Dr. Johan Nilsson, Skåne University Hospital, Lund University

https://au.mathworks.com/company/user_stories/lund-university-develops-an-artificial-neural-network-for-matching-heart-transplant-donors-with-recipients.html
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Machine Learning Made Easy for Entire Workflow using MATLAB

Access and 

explore data
Preprocessing

Feature 

Engineering

Model 

Training

Model 

Tuning 

Integrate 

Analytics 

Machine Learning apps

C/C++ Code Generation and 

Enterprise IT Integration

Automated Parameter Tuning
Domain-specific techniques for 

Signals, Images, Video, Audio, and Text

Datatypes and tools for missing data, 

outliers, time-alignment, etc.

Text files, spreadsheets, databases, binary 

files, data feeds, web, cloud storage
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Agenda - Machine Learning (ML) for Agriculture 

▪ How do you get started quickly?

▪ How to make your ML projects successful?  

o Designing intelligent algorithms

o Using insights from domain experts  

o Implementing these algorithms

o Making intelligent algorithms interactive   

▪ What does success look like?

▪ Conclusion / How we can help you?
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ML is more than just the intelligence of the algorithm 

01.23.2018



9

ML is more than just the intelligence of the algorithm 

Intelligence

Interaction

Insights

Implementation

Apply domain 

expertise

Operate within 

their environment

Span the entire 

design workflow



10

Intelligence

Interaction

Insights

Implementation

Operate within 

their environment

Apply domain 

expertise

Span the entire 

design workflow

Being able to design intelligent algorithms is at the center of ML 
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What is Machine Learning? 

learn complex non-
linear relationships

Solution is too complex for hand written rules or equations

update as more data 
becomes available

Solution needs to adapt with changing data

learn efficiently from 
very large data sets

Solution needs to scale

Speech Recognition Object Recognition Engine Health Monitoring

Weather Forecasting Energy Load Forecasting Stock Market Prediction

IoT Analytics Taxi Availability Airline Flight Delays

Ability to learn from data without being explicitly programmed
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There are different types of Machine Learning

Machine

Learning

Supervised

Learning

Regression

ClassificationDevelop predictive
model based on both
input and output data

Type of Learning Categories of Algorithms

Objective:

Predict continuous variable (crop yield, 

rain forecast, solar radiation, …)

MATLAB doc - Regression

https://au.mathworks.com/help/stats/regression-and-anova.html
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There are different types of Machine Learning

Machine

Learning

Supervised

Learning

Regression

ClassificationDevelop predictive
model based on both
input and output data

Type of Learning Categories of Algorithms

Objective:
Train a classifier to classify flowers from 

petal and sepal length and width 

measurements

Data:

Inputs Petal length 

Petal width 

Sepal length  

Sepal width

Outputs Setosa

Versicolor 

Virginica

Setosa Versicolor Virginica

MATLAB Doc - Classification

https://au.mathworks.com/help/stats/classification.html?s_tid=CRUX_lftnav
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There are different types of Machine Learning

Machine

Learning

Supervised

Learning

Regression

Classification

Unsupervised

Learning
Clustering

Develop predictive
model based on both
input and output data

Type of Learning Categories of Algorithms

Discover an internal 
representation from

input data only

Objective:

Identify clusters based on some 

similarity/characteristic in your data

MATLAB Doc - Clustering

https://au.mathworks.com/help/stats/cluster-analysis.html?s_tid=CRUX_lftnav
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Deep Learning

Beyond traditional Machine Learning: Deep Learning

Machine Learning

Machine Learning

Deep Learning
Neural Networks 

with many Hidden 

Layers

▪ Learns directly from data

▪ Computationally Intensive

▪ Requires a lot of labelled data

▪ Not interpretable

Deep Learning and Traditional Machine Learning: Choosing the Right Approach

Webinar: Deep Learning in Agriculture: MATLAB for Plant Classification

Petal length

Petal width 

Sepal length 

Sepal width

SETOSA

SETOSA

VERSICOLOR

VIRGINICA

VERSICOLOR

VIRGINICA

https://au.mathworks.com/campaigns/offers/deep-learning-vs-machine-learning-algorithm.html?elqCampaignId=10588
https://au.mathworks.com/videos/deep-learning-in-agriculture-matlab-for-plant-classification-1583158370815.html
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Example: Flowers Classification 

MATLAB Doc - Classification Learner App

https://au.mathworks.com/help/stats/classificationlearner-app.html
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Intelligence

Interaction

Insights

Implementation

Apply domain 

expertise

Building intelligent algorithms require insights from domain 

experts
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Bringing human insights into Machine Learning

▪ Your ML algorithm depends on your datasets (garbage in = garbage out)

▪ You can use your domain expertise to:

– Select data (e.g. no biases in training data sets)   

– Realise that unmodeled dynamics are changing over time (e.g. wear and tear)

– Make tradeoffs  

– Estimate results (reject unreasonable answers)

▪ Physical knowledge of the system can be used to build a better data driven model  

MATLAB was developed for 

Engineers and Scientists and makes 

Machine Learning easy and 

accessible for domain experts 
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Continuous 

Plant

Process
Powdered MilkRaw Milk

Wanted to detect a bad product earlier

Days later
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Data

Powdered Milk

Raw Milk

Wanted to detect a bad product earlier

ML modelPlant Process Predict Results

Near real-time
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Data

Powdered Milk

Raw Milk

They had lots of data

Plant Process

• Millions of data points

• 6 years

• 3 plants



© 2019 The MathWorks, Inc.   23

Data

Powdered Milk

Raw Milk

But…

ML modelPlant Process
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They made several key insights

1. Results were wrong
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They made several key insights

1. Results were wrong

2. Need to build a separate 

model for each plant

Plants behaved differently

from each another
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They made several key insights

1. Results were wrong

2. Need to build a separate 

model for each plant

3. Plant’s operating state 

changes each year

Each year was like a 

completely different plant
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Bulk density prediction results were inaccurate

• Many false positives

• Unused classes
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They made several key insights

1. Results were wrong

2. Need to build a separate 

model for each plant

3. Plant’s operating state 

changes each year

4. Training data was biased
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Resampling data resulted in higher predictive accuracy

• Resampled data

• Reduced the number of bins
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“It’s great to sit down with our industry partners and watch their jaws drop 

when they see how productive we are with MATLAB and how quickly we 

can analyze and plot data.

Our results have enabled them to confirm hypotheses for which they 

lacked evidence, and have sparked new ideas for process improvement.”

- David Wilson, Auckland University of Technology
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Intelligence

Interaction

Insights

Implementation
Span the entire 

design workflow

Implementing intelligent algorithms requires an end-to-end 

development workflow 
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MATLAB and Simulink provide an algorithm development 

platform

Develop

Data 

exploration

Preprocessing

Analyze Data

Domain-specific 

algorithms

Sensors

Files

Access Data

Databases

Desktop apps

Enterprise 

systems

Deploy

Embedded 

devices

ML model

Modeling & 

simulation

Algorithm 

development
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MATLAB and Simulink provide an algorithm development 

platform

Develop

Data 

exploration

Preprocessing

Analyze Data

Domain-specific 

algorithms

Sensors

Files

Access Data

Databases

Desktop apps

Enterprise 

systems

Deploy

Embedded 

devices

ML model

Modeling & 

simulation

Algorithm 

development

MATLAB makes Machine Learning easy and 

accessible for Engineers, and Scientists
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Useful deployment solutions for agriculture industry

Webinar: Using ThingSpeak for IOT in Agriculture

▪ Standalone apps / web apps ▪ ThingsSpeak

https://au.mathworks.com/videos/using-thingspeak-for-iot-in-agriculture-1594044754903.html
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Intelligence

Interaction

Insights

Implementation

Operate within 

their environment

For intelligent algorithms to be useful, they need to be interactive
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It is easy to interact with colleagues with no MATLAB background 

ThingsSpeak
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Agenda - Machine Learning (ML) for Agriculture 

▪ How do you get started quickly?

▪ How to make your ML projects successful?  

▪ What does success look like?

▪ Conclusion / How we can help you?
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▪ Exceed human performance

▪ Boost production 

▪ Achieve greater financial returns

▪ Be good for the planet 
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Maximize productivity and quality of milk in a robotic dairy farm
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Minimising Dark Cutting Beef 
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Making Better Beer and Wine with Data and Machine Learning

Mathworks stories: making better beer and wine using machine learning

MATLAB Expo 2020 proceedings

Research article on classification of smoke contaminated wines with ML

https://au.mathworks.com/company/mathworks-stories/making-better-beer-and-wine-using-machine-learning.html
https://www.matlabexpo.com/au/2020/proceedings.html
https://www.researchgate.net/publication/344123117_Classification_of_Smoke_Contaminated_Cabernet_Sauvignon_Berries_and_Leaves_Based_on_Chemical_Fingerprinting_and_Machine_Learning_Algorithms
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Agenda - Machine Learning (ML) for Agriculture 

▪ How do you get started quickly?

▪ How to make your ML projects successful?  

▪ What does success look like?

▪ Conclusion / How we can help you?
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Summary

ML is already becoming 

crucial for agriculture 

ML is more than just the 

intelligence of the algorithm 

You can empower your domain 

experts with the right tools
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How MathWorks can support you  

▪ Deep Learning for Agriculture and Internet Of Things for Agriculture webinars 

▪ On-Site Presentations & Proof-of-Concepts 

▪ Trainings

▪ Consulting 

▪ Contact us 

https://matlabacademy.mathworks.com/

Emmanuel Blanchard   Daniel Lim

Snr Application Engineer Snr Account Manager 

Direct: +61 2 8669 4739    Direct: +61 2 8669 4782 

eblancha@mathworks.com dlim@mathworks.com

https://matlabacademy.mathworks.com/
mailto:eblancha@mathworks.com
mailto:dlim@mathworks.com

