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Teleoperation task: Mapping hands e g
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Object Detection using Filters {%{!}
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Convolutional Neural Networks
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Input Image
224x224x3
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Feature Extractor Classifier
Conv-1
VGG-16 VGG-16
Convolutional Base Dense Classifier

224 x 224 x 64

FC-7 FC-8
—— —
14 x 14 x 512 1x1x409 1x1x1000

Tx7x512

28x28x512

. convolution+ReLU
. max pooling
& fully connected+ReLU

https://learnopencv.com/understanding-convolutional-neural-networks-cnn/



Stereo Vision

Object we want to triangulate

Left camera image Right camera image

Focal length

Fixed distance between the
cameras, called baseline
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Stereo camera setup
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Stereo camera setup
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Stereo camera setup
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Stereo camera setup
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http://www.youtube.com/watch?v=GYw_iJrnGO4

Teleoperation

Control Mapping

Last time...

Handa et al, ICRA2020

Faive Robotics \ \

Estimation

ETH:z(rich oftRobotics

Laboratory




l-

- - (T 4
Teleoperation: Sensing R

i

Github,
depthai_hand_tracker —l 2I

20
19

0 Github,
depthai_hand_tracker

ETH:z(rich oftRobotics

Laboratory

13



Teleoperation: Sensing
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Teleoperation: Mapping
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Guzman et al, JAIHC 2020
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Teleoperation: Mapping
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Teleoperation: Mapping
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Teleoperation: Mapping
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Scaling coefficient
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Hand pose
Hand keyvector

Robot joint angles
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Teleoperation: Mapping
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https://egallic.fr/Enseignement/ML/ECB/book/gradient-descent.html
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Teleoperation: Robot Arm

ETHzurich

-

Smart Glove
(in base-station

frame)
|

Smart Glove base-station ¥

(Coil Pro)
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Classical Approaches: Filters
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Classical Approaches: Filters el

High pass filter

Low pass filter

Orlgmal —— '\Mki'pedi Sthev = 3 Wikipedia
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Classical Approaches: Filters 2
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Classical Approaches:
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Classical Approaches: Filters Sk
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RL 2RL

No filter 3x3 Gaussian 20x20 Gaussian
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Classical Approaches: Filters s
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derivative derivative
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Classical Approaches: Filters {%ﬁ?

Horizontal Sobel Vertical Sobel
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Classical Approaches: Filters e g
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Deep Learning: Tasks
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Deep Learning: Tasks
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Deep Learning

: Tasks

Object detection
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Deep Learning: Tasks ]
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Semantic segmentation
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Deep Learning: Tasks

Keypoint detection
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Deep Learning: Neural networks o2

Input
Neurons
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Deep Learning: Neural networks 4

Activation
function

Input
Neurons
UOJNdN
INdinQ
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Deep Learning: Neural networks ‘
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Deep Learning: Neural networks o2
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Deep Learning: Neural networks

Y
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y=1/(1+e") 0.6
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Deep Learning
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Deep Learning: Convolutional Neural Networks

MNIST Dataset 4K Image
28x28 pixels — 784 inputs 3840x2160 pixels — 8.3
million inputs!!

0 5 10 15 i 15

MNIST Sample
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Deep Learning: Convolutional Neural Networks
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Deep Learning: Convolutional Neural Networks

convolution depth
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Deep Learning: Convolutional Neural Networks
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Deep Learning: Convolutional Neural Networks
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Feature Extractor Classifier
< > >
Conv-1
VGG-16 VGG-16
Convolutional Base Dense Classifier

input image 7
224x224x3 1x1x409 1x1x1000
Tx7x512
. convolution+ReLU
. max pooling
' fully connected+ReLU
224 x 224 x 64
) https://learnopencv.com/understanding-convolutional-neural-networks-cnn/
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Deep Learning: Convolutional Neural Networks Arch gy
o=
: C3: f. maps 16@10x10
INPUT C1: feature maps S4: 1. maps 16@5x5
32x32 S@eRxes S2: f. maps C5: layer
6@14x14 r 50 ) F6 layer OUTPUT
I Full oomlection | Gaussaan connections
Convolutions Subsampling Convolutions Subsampllng Full connection
Lecun et al
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Deep Learning: Convolutional Neural Networks Arch

227 3
CONV Overlapping Overlapping
11x11, : _ Max POOL CONV Max POOL —a CONV
stride=4, 4 3x3, A= 5x5pad=2 3x3, 256 4 4l 3x3 pad=1
96 kernels stride=2 256 kernels ¢ stride=2 384 kemels
(6 o e e .ot — — —
: 27+2°2-5)11 27-3)2 +1 4 13+2°1-3)/1
; =55 =27 13
-3
227
e (O] O
CONV 74 CONV Max POOL
3x3,pad=1 384 3x3,pad=1 A 3x3, O
384 kemeis 256 kemels stride=
(13+271-3)11 ¢ (13+2°1-3)11 £ (13-3)/2 + ,,;;l’" FC . FC . ;
+1=13 +1 =13 L8 = ‘ - :
,3 ¢ O O O
. 9216 O O 1000
13 Softmax
4096 4096

https://neurohive.io/en/popular-networks/alexnet-imagenet-classification-with-deep-convolutional-neural-networks/
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Deep Learning: Outro ‘

Tasks _
Convolutional

neural networks

Neural networks
and how they work Common
architectures
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Stereo Vision: Point Triangulation
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Stereo Rectification

Reproject left & right

image planes onto a r\h
common plane _\

parallel to the line

between camera

centers 7N

Ithill

st.polten

AR App Development Google ARCore Depth Maps | 2020 | Andreas Jakl | FH St Polten  Based on Computer Vision / Epipolar Geometry, Kris Kitani, Carnegie Mellon University 8
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Stereo Vision: Point Triangulation
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Stereo Vision: Point Triangulation
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Stereo Vision: Point Triangulation
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Stereo Vision: Point Matching

Patch to match 9\
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Stereo Vision: Point Matching
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Sum of Squared Differences
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Sum of Absolute Differences
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Stereo Vision: Point Matching

Object we want to triangulate

Left camera image Right camera image

Focal length

Fixed distance between the
cameras, called baseline
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