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PROPOSTA

= Quais seriam as alternativas para otimizar a avaliagcao da planta como um todo, utilizando

fenotipagem de alto rendimento?

= Como a abordagem de aprendizagem de maquinas poderia ser utilizada para auxiliar para
identificar as diferencas na morfologia das folhas e do impacto destas diferencas na

morfologia sobre a avaliagao da area afetada com a doencga?




RESPOSTE

= Fenotipagem de plantas por escalas de notas:

- Subjetividade do avaliador

- Resultados nao podem ser generalizados
= Fenotipagem por analise de imagens:

- Maior precisao

- Perda de informacao




RESPOSTE

= Fenotipagem de plantas por analise de imagem da planta inteira:
- Maior precisao

- Grande volume de imagens gerados

- Aplicacao de Machine learning

= High-throughput stress phenotyping (HTSP):

- Impactos positivos na produg¢ao agricola — promissor

- ICQP (Identificag¢ao, caracterizag¢ao, quantificacao e predi¢ao):

- Permite o design e a implementacao de ferramentas de ML apropriadas.




PRE-PROCESSAMEN

10

= Segmentacdo da imagem
= Facilitar a distincdo das cores pelo algoritmo de area sadia, area foliar e morfologia
= Conversao das imagens para o modelo de cor HSI (matiz, saturacao e intensidade)

= Melhores resultados em pimenta na identificacdao de area foliar e infectada (Gonzales-Pérez et

al., 2013)




https://www.youtube.com/watch?v=HgBpFaATdoA&list

=PLEiEAg2VKUULYYqgjl13YHUWmRePqiu8Ddy&index=3
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https://www.youtube.com/watch?v=HgBpFaATdoA&list=PLEiEAq2VkUULYYgj13YHUWmRePqiu8Ddy&index=3

ALTERNATIVA |

» APRENDIZAGEM NAO SUPERVISIONADA

- Identificar padrdes ocultos dentro dos dados

- Self Organized Maps (SOM):

- Grades neurais baseadas na aprendizagem competitiva
- Processo de organizacao
- Rede ideal para clusterizacao

- Transforma padrdes em mapas discretos uni ou bidimensional






https://pt.slideshare.net/ZukiTombaLata/mapas-de-kohonen

https://pt.slideshare.net/ZukiTombal.ata/mapas-de-kohonen
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https://pt.slideshare.net/ZukiTombaLata/mapas-de-kohonen
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https://medium.com/@dilekamadushan/introduction-to-k-means-clustering-7c0ebc997e00



https://medium.com/@dilekamadushan/introduction-to-k-means-clustering-7c0ebc997e00
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https://www.youtube.com/watch?v=_aWzGGNrcic

K-Means at work

https://medium.com/@dilekamadushan/introduction-to-k-means-clustering-7c0ebc997e00



https://medium.com/@dilekamadushan/introduction-to-k-means-clustering-7c0ebc997e00

* Step 1: Select the number of clusters to be identified,
i.e select a value for K =3 in this case

* Step 2: Randomly select 3 distinct data point

* Step 3: Measure the distance between the 1* point

and selected 3 clusters
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https://www.youtube.com/watch?v=1XqG0kaJVHY
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https://www.youtube.com/watch?v=1XqG0kaJVHY

K-FOLD CROSS-VALIDATION



https://elitedatascience.com/model-training

ALTERNATIVA 2
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https://slideplayer.com/slide/14581478/



https://slideplayer.com/slide/14581478/

RESPOSTE

= APRENDIZAGEM SUPERVISIONADA

- Valor output conhecido

- Support Vector Machine (SVM):

- Imagens pré-processadas -> features -> inputs no SVM.

- SVM (ndo-linear) com kernel




FEATURES - INPUTS
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https://medium.com/@LSchultebraucks/introduction-to-support-vector-machines-9f816 lae2fcb



https://medium.com/@LSchultebraucks/introduction-to-support-vector-machines-9f8161ae2fcb
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https://medium.com/@LSchultebraucks/introduction-to-support-vector-machines-9f8161ae2fcb
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https://medium.com/@zachary.bedell/support-vector-machines-explained-73f4ec363f13

K-FOLD CROSS-VALIDATION



https://elitedatascience.com/model-training
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https://www.sciencedirect.com/science/article/pii/S2352847817300515
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https://www.researchgate.net/figure/Supervised-machine-learning-scheme_fig1_318361010
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https://www.slideshare.net/andi1400/apsis-automatic-hyperparameter-optimization-framework-for-machine-learning @


https://www.slideshare.net/andi1400/apsis-automatic-hyperparameter-optimization-framework-for-machine-learning




