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Introducao a visao computacional



Cameras e Aquisicao de Imagens

Camera RGB

rehago.com.br

Especificar para sua aplicacao:

* Campo de visao (distancia focal da lente)
* Resolucdo da camera (tamanho da imagem em pixels)


https://rehagro.com.br/blog/manejo-de-plantas-daninhas-na-cultura-do-cafe/

Cameras e Aquisicao de Imagens

Camera Térmica

Ray Asebedo


https://www.agupdate.com/livestock/thermal-cameras-arm-drones-for-cattle-scouting/article_7d600208-8013-5969-8fb9-5c168a08459f.html
https://www.flir.com.br/products/adk/

Cameras e Aquisicao de Imagens

RGB

Camera Multiespectral

MicaSense
Azul (475nm) Verde (560nm) Vermelho (717nm)

O O 0O

Vermelho (668nm) Near IR (842nm)


https://micasense.com/rededge-mx/

Cameras e Aquisicao de Imagens

Mapa de Clorofila
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https://micasense.com/rededge-mx/

Cameras e Aquisicao de Imagens

Normalized Difference Red Edge Index (NDRE)
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Camera Multiespectral
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https://micasense.com/rededge-mx/

Cameras e Aquisicao de Imagens

Normalized difference vegetation index (NDVI)
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https://micasense.com/rededge-mx/

Cameras e Aquisicao de Imagens

Color Infrared (CIR)

Camera Multiespectral

MicaSense
Azul (475nm) Verde (560nm) Vermelho (717nm)
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Vermelho (668nm) Near IR (842nm)


https://micasense.com/rededge-mx/

Imagens Digitais

* Niveis de cinza:

1 canal (matriz 2D)
Pixel com valores de 0 a 255
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Imagens Digitais

* RGB
3 canais (R,G,B)
pixel com valores de 0 a 255

3 Colour Channels

Height: 4 Units
(Pixels)

Width: 4 Units
(Pixels)

Imagem: Saha, S. (2018)



https://towardsdatascience.com/a-comprehensive-guide-to-convolutional-neural-networks-the-eli5-way-3bd2b1164a53

Imagem

* Niveis de cinza * RGB
1 canal 3 canais (R,G,B)
pixel com valores de 0 a 255 pixel com valores de 0 a 255




Espaco de Cores

* RGB

* HSV ou HSI




Imagens Digitais

e HSV
3 canais (H,S,V)
pixel com valores de 0 a 255

10<H< 30 32<H<90 95<H< 115



Deteccao de Bordas

Resultado do Sobel Resultado do Roberts



Deteccao de Bordas

Resultado do Sobel



Convolucao

1 0 1
0 1 0
1 0 1

Mascara ou Filtro
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Imagem

Resultado da Convolucao


https://giphy.com/gifs/blog-daniel-keypoints-i4NjAwytgIRDW

Convolucao
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Deteccao de Retas e Circulos

Hough Transform - Lines

Original image Edge image Image with Hough Lines

Tomasz Kacmajor



https://medium.com/@tomasz.kacmajor/hough-lines-transform-explained-645feda072ab

Deteccao de Retas e Circulos

Hough Transform - Circles

Mathworks


https://ww2.mathworks.cn/matlabcentral/mlc-downloads/downloads/submissions/26978/versions/4/previews/html/circle_houghdemo.html

Deteccao de Cantos

Meétodo de Harris para Deteccao de Cantos

medium.com

https://summervisionproject.com/harris-corner-detection/


https://medium.com/swlh/harris-corner-detector-an-overview-of-the-original-paper-cf20c502ab0f

Deteccao de Cantos

Meétodo de Harris para Deteccao de Cantos
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Extracao de Caracteristicas (Features)

SIFT — Scale Invariant Feature Transform

VLFeat

David G. Lowe, "Distinctive image features from scale-invariant keypoints," International Journal of Computer Vision, 60, 2 (2004), pp. 91-110


https://www.vlfeat.org/overview/sift.html

Extracao de Caracteristicas (Features)

SIFT — Scale Invariant Feature Transform

Matching (Correspondéncia)

David G. Lowe, "Distinctive image features from scale-invariant keypoints," International Journal of Computer Vision, 60, 2 (2004), pp. 91-110



Extracao de Caracteristicas (Features)

e SIFT — Scale Invariant Feature Transform (2004)

* SURF — Speeded Up Robust Fetures (2006)

FAST — Speeded Up Robust Fetures (2006)

BRIEF — Binary Robust Independent Elementary Features (2010)
ORB — an efficient alternative to SIFT or SURF (2010)

LIFT - Learned Invariant Feature Transform (2016)

SuperPoint (2017)

LF-NET (2018)

D2-NET (2019)

R2D2 (2019)



a0

Correlac

encia por

N\

Correspond




Segmentacdo de Imagens

Mean Shift

Comaniciu, D.; Meer, P.; Mean Shift: A Robust Approach Toward Feature Space
Analysis. |IEEE Trans. on Pattern Analysis and Machine Intelligence, vol 24, no. 5,
2002.



Classificacao e Deteccao de Objetos

Classification Object Detection

CAT, DOG, DUCK

https://www.datacamp.com/community/tutorials/object-detection-guide



Aprendizado de Maquinas

Modelo Saida

(Parametros da Inferida
Rede)
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Aprendizado Profundo

 Redes Neurais Convolucionais
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A Comprehensive Guide to Convolutional Neural Networks — the ELI5 way



https://towardsdatascience.com/a-comprehensive-guide-to-convolutional-neural-networks-the-eli5-way-3bd2b1164a53

Segmentacao (SegNet)

Convolutional Encoder-Decoder

Output

Pooling Indices

RGB Image -Conv + Batch Normalisation + RelU Seg mentation
I Pooling I Upsampling Softmax

Fig. 2. An illustration of the SegNet architecture. There are no fully connected layers and hence it is only convolutional. A decoder upsamples its
input using the transferred pool indices from its encoder to produce a sparse feature map(s). It then performs convolution with a trainable filter bank
to densify the feature map. The final decoder output feature maps are fed to a soft-max classifier for pixel-wise classification.
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Visao Estéreo

Tsukuba Dataset



Visao Estéreo

Mapa de Disparidade



Visao Estéreo
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Visao Estéereo
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Visao Estéreo
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Mosaico de Imagens
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Mosaico de Imagens







Mosaico de Imagens
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https://diydrones.com/profiles/blogs/great-post-on-agricultural-drone-mapping



Aplicacoes na agricultura



| K Y Universidade de Sao Paulo
Brasil

Inscricao SIICUSP: 3931

Deteccao de plantas utilizando algoritmos de segmentacao e
de constancia de cor para navegacao roboética

Autor: Gabriel Corréa de Oliveira

Orientador: Marcelo Becker
(
é
2992 S|ICUSP - 2021 EESL - USP

' ENGENHARIA
MECANICA




| K \d Universidade de Sao Paulo LabRoM
A jJ_ Brasil USP-EESC-SEM

Problema de pesquisa

Navegacao autbnoma do TerraSentia

Folhas obstruindo o caminho

Prot. Marcelo Becker - USP-




I K v Universidade de Sao Paulo LabRoM
A jJ_ Brasil USP-EESC-SEM

Meétodo

Pré-processamento Segmentagéo Classificacgéo Remocdo

Filtro e espaco
de cor

Descritores e Deteccéo folhas

Superpixel machine learning obstrutoras

Busca por

Filtro gaussiano

. Fast-SLIC Folha, solo e céu superpixels fora
e Indice de cor perp

da regido usual
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Prot. Marcelo Becker - USP-




T( Y ) Universidade de Sao Paulo LabRoM
A )J_ Brasil USP-EESC-SEM

2SIICUSP

(N° 3326)

Teste da eficacia do método da odometria visual no robd
TerraSentia

Jorge Id Facuri Filho
Vitor Akihiro Hisano Higuti
Marcelo Becker

USP - EESC - SEM
Mechanical Engineering Department
S ERARNTAMENTC B LabRoM - Mobile Robotics Lab.
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Universidade de Sao Paulo
Brasil

Odometria Visual

Inicio

Trajetoria
percorrida ?

LabRoM
USP-EESC-SEM




iSJ_ lBJrQsii\l’erSidade de Sao Paulo ﬁ

DSIICUSP

N°® 2924

NAVEGACAO AUTONOMA POR DENTRO DE PLANTACOES
UTILIZANDO VISAO COMPUTACIONAL

Gabriel Lima Araujo

Prof. Marcelo Becker

USP - EESC - SEM
Mechanical Engineering Department
LabRoM - Mobile Robotics Lab.
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| K v Universidade de Sao Paulo LabRoM
A )J_ Brasil USP-EESC-SEM

Conduzir o rob6é de pequeno porte
(TerraSentia) por dentro dos
corredores da plantacao de milho
utilizando visao computacional.

Plantagao de milho utilizada na pesquisa

Prot. Marcelo Becker - USP- = V




Universidade de Sao Paulo LabRoM
Brasil USP-EESC-SEM & s

Méetodo Aplicado

Filtro gauss aplicado Binarizacao e operagao de abertura aplicadas Detecgéo de borda (Canny) aplicada
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Operagao de invélucro convexo Transformada Hough aplicada Defini¢gdo da diregao

Universidade de Sao Paulo LabRoM
Brasil USP-EESC-SEM B\

Méetodo Aplicado




I K v Universidade de Sao Paulo LabRoM
A IJ_ Brasil USP-EESC-SEM

Resultados

Direcao definida pelo método em verde e
resultado esperado em vermelho. Direcao definida pelo método em verde e
resultado esperado em vermelho.

Prot. Marcelo Becker - USP- = V



Aplicacoes de Deep Learning



Deteccao de Ervas Daninhas

original ground truth FRRN PSPNet SegNet UNet

https://github.com/awangenh/Weed-Mapping



Deteccao de Frutas

Sa, |.; Ge, Z.; Dayoub, F.; Upcroft, B.; Perez, T.; McCool, C. DeepFruits: A Fruit Detection System Using Deep Neural Networks. Sensors 2016, 16,
1222. https://doi.org/10.3390/s16081222



Estimativa Monocular de Profundidade

* Aprendizado profundo
supervisionado para estimativa
monocular de profundidade;

* Arquitetura proposta:
DenseSIDENet;

e Parametros de treinamento: 2M
até 12M;

* Predicao entre 32fps a 88fps;

* Ca paz de estimar profu nd Idade Resultado de estimativa de profundidade.
e normal de supe r‘fI'Cies; Cores quentes indicam objetos mais proximos da cdmera.

MENDES, R. d. Q.; RIBEIRO, E. G.; ROSA, N. S.; GRASSI JR., V. On deep learning techniques to boost monocular depth
estimation for autonomous navigation. Robotics and Autonomous Systems, v. 136, p. 103701, 2021



Aprendizado Simultaneo de Multiplas Tarefas

...............................

Spatial instance
segmentation

...........................................

Segmentagﬁo de InsténCIa e Instances representantions
estimativa de profundidade; : /

. .

< Task specific Pyramid " * Sty K 27 g9 ciz3 gld
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Input image >
(256 % 512)
X
........ @ (b) ©
.................. ComrpeeBN
[] Conv2d+BN+ReLU

[] Bilinear interpolation
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NAKAMURA, A. T. M.; GRASSI JR., V.; WOLF, D. F. An effective combination of loss gradients for multi-task learning applied on
instance segmentation and depth estimation. Engineering Applications of Artificial Intelligence, v. 100, p. 104205, 2021.



Manipulacao Robotica

* Rede neural convolucional para deteccao
de pontos de preensao robatica.

Pontos de preensdo detectados em azul

RIBEIRO, E. G.; MENDES, R. d. Q.; GRASSI JR., V. Real-time deep learning approach to visual servo control and grasp
detection for autonomous robotic manipulation. Robotics and Autonomous Systems, v. 139, p. 103757, 2021.



LIDAR




Mapeamento de Florestas

Dual-wavelenght Echidna LiDAR (DWEL)

Newnham, G.J., Armston, J.D., Calders, K. et al. Terrestrial Laser Scanning for Plot-Scale Forest Measurement. Curr Forestry Rep 1, 239-251
(2015). https://doi.org/10.1007/s40725-015-0025-5



Mapeamento de Florestas

Antero Kukko, Risto Kaijaluoto, Harri Kaartinen, Ville V. Lehtola, Anttoni Jaakkola, Juha Hyyppa, Graph SLAM correction for single scanner
MLS forest data under boreal forest canopy, ISPRS Journal of Photogrammetry and Remote Sensing, Volume 132, 2017, Pages 199-209, ISSN
0924-2716, https://doi.org/10.1016/j.isprsjprs.2017.09.006.



Mapeamento de Florestas

Ei 1 {
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S. W. Chen et al., "SLOAM: Semantic Lidar Odometry and Mapping for Forest Inventory," in IEEE Robotics and Automation Letters, vol. 5, no. 2, pp. 612-
619, April 2020, doi: 10.1109/LRA.2019.2963823.



Obrigado!



