@ o ] ° L i o . & [
b ® ® .
® ® *e o’ g * » o "o ®
. ® 4 ¢ ® .
@ ® ® i . @ Q@ ° {
' ° L o° @ ®
® b 4 ® e o ° 4 v [ ® g
[ ]
: . ®
® . @ AN 5\ s [ ] . C
. ' I\ Ziynet Boz, PhD o
' . :
\ 5 < L] " ¥ @ ® ‘
3 by < ant 0 ?ssor, Agrlcultural and Biolggical Engineering, «
o b‘ Ao = = -l .

:ﬁ 330 Postharvest Technologles for *®
Hortlcultural Crops

Feb 20, 2025

The Role of Al in

postharvest operation* ;.



Digital transformation age

Global
Automation
Market in

Food and
Beverage
Applications

Statista. 2020. “Industrial automation worldwide.” https://www.statista.com/study/87398/industrial-automation-worldwide This Photo by Unknown Author is licensed under CC BY-SA


http://ocw.cs.pub.ro/courses/iot2015/courses/01
https://creativecommons.org/licenses/by-sa/3.0/

Figure 3: Combinations of 4IR technologies can enable innovation to solve challenges faced in food systems

Digital building blocks
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Figure 1: The ‘Transformative Twelve’ could deliver significant impacts to food systems by 2030

Changing the shape of demand
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World Economic forum "’transformative
twelve”

* Food industry has been slow

“14 billion in investments in 1,000 food systems-focused start-ups since 2010,
while healthcare attracted $145 billion in investment in 18,000 start-ups during

the same time period.” WEF

Figure 5: Summary of impacts by 2030: Changing the shape of demand

WHICH IS THE

WHAT IF... THE IMPACT COULD BE... EQUIVALENT OF... DRIVEN BY...
FOOD SENSING 30-50% of the Reduced food waste 10-20 5-7% of total food Reduced domestic food waste
TECHNOLOGIES consumers in Millions oftonnes wasteds? from individualized and real-time
FORFOOD SAFETY, developed expirationdates
QUALITY, AND countries used
TRACEABILITY food scanning

to determine

Q expiration dates

“ i by 2030



Factfile
History of industrial revolution

€ 1780 - Mechanisation
PY Industrial production based on machines

powered by water and steam

€ 1870 - Electrification
® Mass-production using assembly lines

€ 1970 - Automation
INDUSTRY 4 0 PY Automation using electronics and

computers

& 1980 - Globalisation
Offshoring of production to low-
® cost economies

€ Today - Digitalisation
Introduction of connected devices,
® data analytics and artificial intelligence
technologies to automate processes further

& Future - Personalisation
P The fifth industrial revolution, or Industry

Industrv 4.0 and society 5

INDUSTRY 3.0

Automation, computers Cyber Physical Systems,
and electronics internet of things, networks

5.0, will be focused on the co-operation
1784 1870 1969 TODAY between man and machine, as human
intelligence works in harmony with cognitive
computing. By putting humans back into
industrial production with collaborative
robots, workers will be upskilled to provide
value-added tasks in production, leading to
mass customisation and personalisation for
customers




Society 5.0 Industry 4.0
Loshng

softwa

o0 LD
Q00 oS
7N fwxuﬁj
m Invention of @ computer Super Smart Society Cyber physical systems
and start of distribution '
LASTING of information . - .

From 21st century

I

SPHINX IT Invention of a steam Information Society 8% Computer and automation
by usTinG locomotive and start
of mass production . . . -

End of 20th century
@ E Mass production, assembly line, electricity
5% - '
@O

Development of iigation Industrial Society Mechanization, water power, steam power

techniques and firm

establishment of settlement . . -

End of 18th century

Coexistence Ag ra I’iC]n SOC|ety

with nature . -

13.000 BC

Society 5.0 & Industry 4.0

source Keidanren Paper (PDF Opens) & Wikipedia

Hunting Society

The birth of human beings



A Look at the Future:
Industry 5.0

Current information society (4.0) ~ ~  Society 5.0
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But first,

What is Al?

« Artificial Intelligence mimics human intelligence processes through algorithms

and machine learning. In horticulture, AI’s relevance extends from predictive

analytics to robotic automation, transforming traditional practices.

Year

Definition of Al

Reference

1950

1956
1980s

1990s

2000s

2018

The ability of a machine to exhibit intelligent behaviour equivalent to, or
indistinguishable from, that of a human.
The science and engineering of making intelligent machines.

The science of making machines capable of performing tasks that would require
intelligence if done by humans.

A machine with the ability to solve problems that are done by humans with our
intelligence.

Al is that activity devoted to making machines intelligent, and intelligence is that
quality that enables an entity to function appropriately and with foresight in its
environment.

Al is the science of making machines that are capable of performing tasks that would
require intelligence if done by humans.

(Turing, 1950)

(McCarthy et al., 2006)
(Minsky, 1961)

(Russell & Norvig,
2010)
(Nilsson, 1998)

(Chollet, 2021)
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Mechanistic Methods

Rule-based: L.

Operate on explicit_rules_created b¥ humans.
rules are based_on logical statements and clear,
deterministic algorithms

Predictability:

Outcomes are predictable and repeatable because
the system operates within the confines of its
programmed instructions.

Rigidity:
They cannot learn or adapt to new data or
environments unless explicitly reprogrammed.

Domain-specific L.

Often designed for specific tasks and cannot
generalize be¥9nd the scope of their predefined
rules, assumptions, and boundaries.

Transparency . .

The decision-making Rrocess is transparent and
canlbedtraced through the rules and algorithms
applied.

First principles .

Often designed based on fundamental theories and
laws from physics, chemlstrg, or other domains,
which dictate the system's behaviour.

AI Methods

Learnin%;based: ) )

AI, particularly machine learning
algorithms that” allow the system to
improve over time

operates on
earn from data and

Adaptability ) )
AI systems can adapt to new_and chang;n§ environments
or data patterns without being explicitly reprogrammed.

Generalization . i

Advanced AI systems,_especially those using deep
learning, can” generalize from one task to another,
app%Xlng learned knowledge to different but related
problems

Probabilistic and non-deterministic L

AI often deals with uncertainties and Rrobabllltles,
making decisions based on statistical likelihoods
rather than fixed rules.

Opacit

nge A s¥stems, particularly those.invqlving complex
neural networks, can be opaque, making it difficult to
understand the exact decision-making process (often
referred to as "black box"™ models)

Data-driven ) ) ) )

AI systems are prlmarllg.drlven by data, learning
patterns, and relations 185 within the data that may
not be apparent or derivable from first principles.



Al’s Role in Agriculture

* Precision agriculture
 Pest control
* Crop health monitoring

 Smart farming and
components

« AI integration with
IoT devices and
sensors in the field

Agricultural =

data

Cnals

—>

\ 4

Training
dataset

Testing
dataset

Machine

Learning % —>

models

I

) o20f
Evaluation il

Application  ¢38*%
in agriculture

|

Crop management
Water management
Soil management
Animal management



Model Training and Machine Learning

Machine Learning Modeling Cycle
Machine Learning Process

Manage Data Train Models Evaluate Deploy
Models Model
- ———— — ———— e Explore o I EnGi e Assess :
gineer e  Monitor
o | - e e I o e I e -
TRAINING e Split e :Ielgr(i:tthms alternatives e :;n&r:;' ©
DATA Algorithm Learning Trained model Results 9

Update with new data




Model Training and Machine Learning

Machine
Leaming
'-Sup—e—MS?d— ’ Unsupemised |
I :
1 5 L 7
l Classification [Regtesmon ' Clustering

i e A 1 2

K-Meané b uzzvr-

Support Vector Machine | | Linear Regression, GLM Hierarchial
Discnminant Analysis SVR, GPR Gaussian Mixture
Nearest Neighbour Ensemble Methods Hidden Markov
Naive Bayes Decision Trees Model

Neural Networks Neural Networks Neural Networks




Applications of Al in harvest
operations

Mass flow sensor

* Optimization Kf/ /C

of timing and g '—<ﬂ>

methods of \ > i
\nd user interface
harvest

LA

Mo«smesasot

Location sensing
GPS___| DGPS-correction signals

Data transfer I Monitoring | Data storage

Talaviya et al. 2020

Cutting width [ In‘out of harvest [ Speed l ’ Losses Yield Moisture

Arva sensing Yield sensing




Applications of Al in harvest
operations

e AI-driven machinery and
drones

a, Planting Drone

d. Crop Monitoring Drone ¢. Crop Spraying Drone f. Health Assessment Drones

Talaviya et al. 2020



Applications of Al in harvest
operations

Digital tool for:
~Visualization
-Crop growth analysis
-Monitoring spatial field variability
-In-season management faps

O Satellite imager‘y ok : X ~ ;. 4 % V -Ylelduredlcumfh

Unmamned Aerial System (UAS)

o
DVI - VegetationtIndex

Texas A&M

Satellite imaging ¢


https://www.youtube.com/watch?v=Wczoc-oNOBY&t=148s&ab_channel=GrainDataSolutionsInc.
https://www.youtube.com/watch?v=Wczoc-oNOBY&t=148s&ab_channel=GrainDataSolutionsInc.

n-farm sorting and transportation

Harvesting

Objectives

Defect detection

Content detection

Maturity and ripeness detection

Quality (size, mass, and color) evaluation

- R

o = ...:x
| 4 | ila . m\

On-Farm On-Farm
Transportation Collection Centre

On-Farm Sorting

On-farm Handling Problems
Classifying rotting and fresh fruits
Internal browning in mangoes

Internal bruise detection in blueberries
Internal defect detection in mangoes

Detection of soluble solids in “Medjool” dates

Chlorophyll degradation and anthocyanin detection in cherries

Determination of soluble solids, starch pattern index, and Streif Index in apples
Determination of soluble solids in apples

Kiwi firmness classification

Philippine coconut maturity grading
Firmness identification in avocadoes

Cherry ripeness detection

Mango ripeness estimation

Mass grading of mangoes

Infield grading and sorting system for apples

Developing bin filler and on-farm sorting machine for apple harvesting

/\‘;/ —

Small
Warehouse

References
Kang and Gwak (2021)
Gabriéls et al. (2020)

Kuzy et al. (2018);

Raghavendra et al., (2021)
Ben-Zvi et al. (2017)
Overbeck et al. (2017);
Cetin et al. (2022);

Wang et al. (2022)
T'orkashvand et al. (2017)
Caladcad et al. (2020)
Jaramillo-Acevedo et al. (2020)
Overbeck et al. (2017)
Wendel et al. (2018)
Momin et al. (2017)

Zhang et al. (2021)

Zhang et al. (2017)



Applications of Al in postharvest
operations

X - @ b & N
} ¢ ey i
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* Crop quality and shelf Wi RN W W W T W e

life

@
Quality control & sorting Storage

 Sorting, grading,
packaging and beyond

7

Distribution Retail



FOOD WASTE
PREVENTION
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R Spoiler piatform v solutions v Buyers v Industries v Resources v Log in Request a Demo wasteless e

=/ Alert

Sell more, waste less
with dynamic pricing and
smart markdowns.

Liquidate excess and short-
dated inventory

The industry’s only purpose-built sales and
analytics platform designed to digitize liquidation
processes and bring a first-class experience to
the secondary market.

Wasteless, we're helping supermarkets and online
ull value of their perishable

d reduce food waste through Al-powered

dynamic pricing.

Accenture AI

AN IYpi * /") DANONE N4 e 7 HELLO
52N KraftHeinz  Gampbelli | J € KeHE |(BIMBO) LU FRESH
Nestle. Wasteless Markdown POS applies Product is sold

pricing engine display on ESL dynamic pricing at optimal price
or Sticker

-50% +20% +3%



> i Apeel Sciences acquires

2xRese: Pt ~ ImpactVision to look inside fruit
\ |9 &vegforfreshness

May 12, 2021 Louisa Burwood-Taylor

 PmoouCE AN0 TN TS

Sorting

* Supply chain integration of

Disclosure: AgFunder (AFN's parent company) is an
investor in ImpactVision. Learn more here.

Hyperspectral Imaging is in full
swing

Apeel Sciences, the food waste technology company,
Image credit: Apeel Sciences has acquired hyperspectral imaging startup
ImpactVision. This is Apeel’s first acquisition, and the
Santa Barbara-based company says it stands to dramatically reduce the 40% of produce that's wasted
capabilities, real-time monitoring globally each year.

capabilities

* Miniaturization and imaging

5 .
Avocado Recognition and Counting With Imaging Technology O Apeel

Lrregp

"y




Simbe Robotics Announces RipeLocker Raises S5M for its
New Tally 3.0 Shelf-Scanning _ow Atmosphere Approach to
Robot “xtending Food Freshness

by Chris
Albrecht
by Chris
Albrecht Controlled

- OCTOBER 22,2020
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Automatic surface temperature measurement
and detection

Contents lists available at ScienceDirect

Postharvest Biology and Technology

journal homepage: www.elsevier.com/locate/postharvbio

. . . . Check for
Continuous surface temperature monitoring of refrigerated fresh produce s
through visible and thermal infrared sensor fusion

Mert Canatan ®, Rafael Munoz-Carpena ™", Ziynet Boz ™"’

* Department of Agricultural and Biological Engineering, University of Florida, 1741 Museum Rd. Bldg. 474, Gainesville, FL 32611, United States

" Global Food Systems Institute, University of Florida Institute of Food and Agricultural Sciences, P.0. Box 110910, Gainesville, FL 32611, United States

ARTICLEINFO ABSTRACT

Keywords: Temperature is a critical parameter affecting the safety and quality of food products, with deviations leading to
Temperature monitoring spoilage, food safety issues, and increased food waste, presenting significant economic and sustainability chal-

Precision retail
Thermal imaging
Infrared camera
Object detection
Computer vision

lenges. Conventional temperature sensors such as thermometers, thermistors, and thermocouples are accurate
but often invasive, measuring the temperature of proxy media or storage environments rather than individual
products. To address this limitation, we developed a non-destructive temperature measurement system using
thermal infrared (IR) and visible (RGB) imaging sensors. The system integrates a thermal camera module, an RGB
sensor, and a single-board computer, employing homography matrix-based RGB-thermal fusion, real-time object
detection, and temperature monitoring to isolate product surface temperatures from the background. The system
was validated with thermocouple measurements by monitoring the surface temperature profiles of apples,
peppers, and individually packaged broecoli under cold storage conditions. When compared to thermocouple
measurements, average root mean square error values were 0.63, 0.81 and 1.86°C for apple, bell pepper, and
individually wrapped broccoli, respectively. These results emphasize the importance of further addressing
reflective materials and surface emissivity effects to enhance accuracy. This tool demonstrates potential for real-
time, individual surface temperature monitoring, providing a practical solution for precision retail and supply
chain applications. Future system enhancements are also proposed; including addressing material reflectivity and
emissivity, and system calibration methods to improve its accuracy and broaden its applicability across diverse
operational scenarios.

https://doi.org/10.1016/j.postharvbio.2024.113354



https://doi.org/10.1016/j.postharvbio.2024.113354

Automatic surface temperature

measurement and detection

Read Images

Read the RGB Image and Resize
Read the IR image

Select Control Points in Images

» Select four control coordinates using the "cpselect” function
in MATLAB
Save the selected point coordinates

Obtain the Transformation Matrix

03

* Load the control coordinates in RGB and IR images

Python

Figure 2. Construction of the camera module
(left), 3D mockup design of the sensor housing

(right).

«  Find the homography between loaded coordinates using the “findHomography” function in OpenCV
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N / ]

Thermocouple Head

Thermal-RGB Imager

T-type thermocouple

Ml SRS

Colored IR 629 601 594

Datalogger

Initialize Cameras and Object Detection Model

. Import libraries (NumPy, OpenCV, TFLite

. Setup camera indices and camera spatial solutions

© Setup the thermal camera raw temperature data acquisition
. Initialize the object detection model for the RGB camera

Streaming data from both cameras 2023-02-26 17:0%10.657615
Colored IR c48 ©.22

. Grab frames from RGB and thermal cameras

. Convert the default BGR color format in OpenCV into RGB

. Normalize the 16-bit raw thermal image to an 8-bit grayscale image

. Apply a colormap to the 8-bit grayscale temperature image for visualization purposes

Image Registration and Object Detection

. Warp and overlay RGB image using the homography matrix into the 8-bit colored thermal image

. Perform object detection on warped and overlayed RGB-thermal image
. Obtain temperature values from 16-bit raw thermal images using the bounding box locations on the detected object
. Display the mean value of the detected bounding box on the screen

Temperature Data Logging and Finalization

. Record min, max, and mean of the returned bounding box locations
. Stop streaming from both cameras




Temperature (°C)
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Detection of Condensation

Water Vapor ~————Condensation
Surface
v Fxsemie Relative Humidity Tem peratu re
Air ?
Temperature ue
Temperature

Transpiration

HSV features overlap




Image Preprocessing

Old Approach: Rescale entire images to
400x400

Edge Detection Crop to apple edges New Approach: 400x400 pixel region
6240X4160pixel jpg and replace background with black. cropped from the center of the image

(Usually around 2,500x2,500 pixels) (Save to google drive dataset)




Predictions
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Hype Cycle for Emerging
Technologies, 2020

Secure Access Service Edge (SASE)
. Social Distancing Technologies

Embedded Al

Explainable Al
Data Fabric s

Composable Enterprise
Al Augmented Development

Carbon-Based Transistors
Responsible Al

Multiexperience ___

Digital Twin of the Person
Packaged Business Capabilities ___
Generative Al___

Composite Al

Adaptive ML

Citizen Twin
Bring Your Own Identity
— Social Data

— Private 5G
~. Differential Privacy

Expectations

Generative Adversarial N

Networks ™.

2-Way BMI (Brain —
Machine Interface)

Ontologies and Graphs

L ) Health Passport
Self-Supervised Learning
Low-Cost Single-Board —— .
Computers at the Edge — DNA Computing and Storage
— Al-Assisted Design
Authenticated

Provenance
Peak of
Innovation Inflated Trough of Slope of Plateau of
Trigger Expectations Disillusionment Enlightenment Productivity
-
Time

Plateau will be reached:
() less than 2 years ® 2to5 years @ 51010 years A\ more than 10 years ) obsolete before plateau As of July 2020

gartner.com/SmarterWithGartner

Source: Gartner
@ 2020 Gartner, Inc. and/or its affiliates. All rights reserved. Gartner and Hype Cycle are registered trademarks of Gartner, Inc. and its affiliates in the U.5. G a rt n e r®
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