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Computer Vision

Source: Ventura (USP)

Source: Ventura
(Family’s Farm)




Digital Phenotypes

Massive

Cost reduction Reduce the subjectivity New biological insights

data collection




Simple Neural Network Deep Learning Neural Network

DEEP LEARNING
A subset of ML that uses neural networks
to learn patterns from data

Input Layer Hidden Layer QOutput Layer
MACHINE LEARNING @ Input Lay Y/ @ Output Lay

A subset of Al that learns patterns fro L : : ; ) ’ .
a:;,:ingoa|arg:a;;::.ofd:'t:s & https://analyticsindiamag.com/comprehensive-guide-to-different-pooling-layers-in-deep-learning/

ARTIFICIAL INTELLIGENCE
A type of advanced technology that

mimics human intelligence



Thematic Section: 36th Annual Meeting of the Brazilian Embryo Technology Society (SBTE) Sensors

Applications of livestock monitoring devices ami 1 Accelerometers
H H H H H 2.Pedometers
machine learning algorithms in animal

N . . 3.GPS and RFID
production and reproduction: an overview ’
4.Pressure plataform
Paula de Freitas Curti'* @, Alana Selli' ©, Diégenes Lodi Pinto' @, Alexandre Merlos-Ruiz' ©, 5.Environmental sensor

Julio Cesar de Carvalho Balieiro' @, Ricardo Vieira Ventura

6. Intra-ruminal

'Departamento de Nutri¢io e Produgio Animal, Faculdade de Medicina Veterindria e Zootecnia, Universidade de 530 Paulo, ?’ MUUnT.'dEtECtUr
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Figure 1. Overview of the positioning and types of sensors widely studied on precision livestock projects.
Figure created on Canva.
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Adoption of computer vision algorithms
to monitor respiratory rates in dairy cattle

Paula Curti
Master Student



Brasil enfrenta onda de calor e
pode ter recordes de temperatura
em pleno inverno; previsao vai até

40°C

Fonte: https://g1.globo.com/meio-ambiente/noticia/2023/08/22/brasil-enfrenta-onda-de-calor-e-pode-ter-recordes-de-temperatura-em-pleno-inverno-previsao-vai-ate-40c.ghtml



S Brasil enfrenta onda de calor e
= pode ter recordes de temperatura
em pleno inverno; previsao vai até

40°C

BiomaTech

Fonte: https://g1.globo.com/meio-ambiente/noticia/2023/08/22/brasil-enfrenta-onda-de-calor-e-pode-ter-recordes-de-temperatura-em-pleno-inverno-previsao-vai-ate-40c.ghtml
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Zhu et al., 2015 Kim & Hidaka, 2021

Respiratory Frequency Detection of Pigs Based on Area Feature Operator Breathing Pattern Analysis in Cattle Using Infrared Thermography and Computer Vision
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Wu et al., 2020 Wu et al., 2023
Detection of the respiratory rate of standing cows by combining the Deeplab V3p semantic Monitoring the respiratory behavior of multiple cows based on computer vision and deep learning

segmentation model with the phase-based video magnification algorithm
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da 15/30/60 seconds
Subjetivity among techinicians

Very hard to measure in large herds
(Considering all animals and 24/7)
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Classifying frames : Predicting RR
-~ ~»

--------------------'
l____.

1 second 1 second 1 second 1 second

1 segment
(‘and a hop of 8 frames between segments)

1,000 segments for training/evaluating

Spatiotemporal Conv:
» » NVIDIA A100 40GB GPU Deep Residual Neural Network
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Classifying frames

46

Labelling for classification purposes

(at the frame level)

31
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Classifying frames

46

Labelling for classification purposes Bounding box

(at the frame level)

31
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Center Crop (CC) Full Bounding Box (FBB) Corner Bounding Box (CBB)
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Center Crop (CC) Full Bounding Box (FBB) Corner Bounding Box (CBB)
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CcC FBB CBB
By segment RMSE 5.38 5.77 4.85
MAPE (%) 15.13 15.9 13.81
By animal RMSE 5.09 5.38 4.58
MAPE (%) 13.52 13.97 12.68
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Box Plot for Median Predictions
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MAPE e RMSE
the 3 models accurately predicted RR in real milking situations

CBB:
Better performance (smaller size and location)
Best results for the extremes (low and high FR)

CC:
No need for the bounding box operation

GPUs

High resolution and video (mp4):
waiting for further prices and memory improvements




eature extraction + Models
NN and traditional ML methods

ORIGINAL RESEARCH

®

Integrating Audio Signal Processing
and Deep Learning Algorithms for
Gait Pattern Classification in
Brazilian Gaited Horses

Anderson Antonio Carvalho Alves ™, Lucas Tassoni Andrietta?, Rafael Zinni Lopes?,
Fernando Oliveira Bussiman?, Fabyano Fonseca e Silva®, Roberto Carvalheiro*®,

Luiz Fernando Brito®, Julio César de Carvalho Balieiro?, Lucia Galvao Albuquerque*® and
Ricardo Vieira Ventura®

Departm

OPEN ACCESS

Edited by
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This study focused on assessing the usefulness of using audio signal processing in
the gaited horse industry. A total of 196 short-time audio files (4 s) were collected from
video recordings of Brazilian gaited horses. These files were converted into waveform
signals (196 samples by 80,000 columns) and divided into training (N = 164) and
validation (N = 32) datasets. Twelve single-valued audio features were initially extracted
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Feature extraction + Models
CNN and traditional ML methods
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Accuracy values obtained with different algorithms (RF, Random Forest; SVM, Support Vector Machine; MLP, Multilayer Perceptron Neural Networks; CNN, Convolutional Neural Networks)

Audio-feature dataset used as input information (A—Mel-frequency Cepstral Coefficients, B—Onset Strength and C—Tempogram).




€lassifying handling operations via
sound and Deep Learning




€lassifying handling operations via
sound and Deep Learning

AUC per label
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Fonte: Qualifying exam: Souza (2023)
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Image feature extraction via local binary
patterns for marbling score classification in
beef cattle using tree-based algorithms
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Marbling Score
From Low IMF to High IMF

fonte: https://www.ams usda.gov/
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EAAP
1/5 September 2024 - Florence, Italy
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Sunday 1 September 2024 - Morning, 8:30

Session 13. Sensing Physiology: Tools towards optimising livestock husbandiy

Room: Modicana — Palazzo Affari 3rd Floor

Chair: Montanholi / Garcia-Roche
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