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Rosario’s main product is...
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Long history of Machine Learning applications
to agro-industrial problems:

-Classical Machine Vision
-ML for Mass Spectrometry

-Deep Learning






ML?

Artificial intelligence

Machine learning

Deep learning

Artificial Intelligence

Any technique that enables computers
@ to mimic human intelligence. It includes
machine learning

Machine Learning

A subset of Al that includes techniques that
enable machines to improve at tasks with
experience. It includes deep learning

Deep Learning

Hl A subset of machine learning based on
neural networks that permit a machine to
train itself to perform a task.

_s://docs.microsoft.com/en-us/azure/machine-learning/concept-deep-learning-vs-machine-Iearning
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e o Ui, Youset. (2020). 10.1007/978-3-030-23672-4 6.



Classification Regression










SEQUENCING

+ DNA sequence
+ DNA modifications
(e.g. methylation)

» Transcription factor
binding (e.g. ChiP-seq)
+ RNA expression
le (transcriptomics)

GENOMIC REGIONS

* Pseudogenes
« Crossovers
+ Selective sweeps

GATTACA
TCCTGAT
GAGTAGA
CATGTCT

MICROSCOPY

+ Light, fluorescence, electron, flow

MASS SPECTROMETRY

» Protein / metabolite quantification
» Protein modifications
» Protein(-ligand) interactions

MACHINE LEARNING
GENE FUNCTION/REGULATION

« Promoter activity
+ Regulatory networks
+ Candidates for traits

OTHER

» Single-cell RNA sequencing

» Metabolic pathways
* Multi-omics

reeding (2021), iScience, 24:1, 101890






IMAGING SENSORS

Development level Growth level Production level

OTHER SENSORS

+ Plant: weight, water-use efficiency, nutrient uptake,
« Environment: soil composition, temperature, light, humidity, CO, level, weather,

MACHINE LEARNING
GROWTH PRODUCTION

reeding (2021), iScience, 24:1, 101890






biochemical macroscopic

phenotype

eding (2021), iScience, 24:1, 101890
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Soybean #1

Soybean #2

Soybean #3

Red bean

White bean

SVM, RF, PDA, NG
Consensus theory,
etc.

¥
E‘ 2D Area
»®
Fitted 20 ellipse

Vein

Fitted ellpse
major axis

Feature extraction

orientation

Grayscale
conversion

Segmentation

Patches extraction

Segmented veins



Leaf venation analysis for cultivar identification

Detection of keypoints and
relevant patterns

Cultivar identification:
Average human accuracy: 45%
Best result for automatic system: 60%

_ Larese, M.G. & Granitto, P.M. Machine Vision and Applications (2016) 27: 709




Counting seeds in pods (phenotyping)

— ’\
NN
N\ \////
AN\

Collaboration with IICAR (Conicet/UNR)
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3D phenotyping of dried soybean plants

%
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+ .... = 3D Model

I

3D segmentation
and analysis

Ongoing work







- L
original vein central convolutional neural network
1mage segmentation patch
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deﬁth

—blat, G. L., Uzal, L.C., Larese, M. G. & Granitto, P. M. (2016). Deep learning for plant identification
o vein morohological patterns. Computers and Electronics in Aericulture, 127, 424.




original vein central
1mmage segmentation patch

relevant patterns visualization

_ Grinblat, G. L., Uzal, L.C., Larese, M. G. & Granitto, P. M. (2016). Deep learning for plant identification
using vein morohological patterns. Computers and Electronics in Agriculture, 127, 424.




Soybean Pods
Class 1:

2 seeds

Class 2:

3 seeds

Class 3:

4 seeds

gain)

M NITROE

Convolutional
Neural
Network

96 px 32 px

arese, M. G., Bianchi, J. S., Morandi, E. N., & Granitto, P. M. (2018). Seed-per-pod
o learnine. Combputers and Electronics in Aericulture. 150 196-204.



Seed-per-pod estimation (again) o= e
DATA RESULTS
Soybeanitods CNN's features visualization
2 seeds P
p— e
==
Class2: = ——
- L -
e — — IESES
S -~ Reached Classification Accuracy

4 seeds ‘_,,,.‘ — 092i005

Uzal, L. C,, Grinblat, G. L., Namias, R., Larese, M. G., Bianchi, J. S., Morandi, E. N., & Granitto, P. M. (2018). Seed-per-pod
estimation for plant breeding usineg deep learnine. Computers and Electronics in Aericulture., 150 196-204.



Imagen

Generador Discriminador

Imagen

Pruned
discriminator

/ SVM

Ongoing PhD Thesis at CIFASIS.



earning

Autonomous agro-platform
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Ongoing PhD Thesis at CIFASIS.
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