SleC| neuronowe I teledetekcjaw
AhGaaUE i1 U¢ &£ i GAg i
naturalnym
OPEGIEKA sp. z 0.0.



O Nas

O
~
[0
O)
(),
(%)_
s
g

J,

Conv2D

J,

BatchNormalization

W
Activation

Conv2D

w
BatchNormalization

W
Activation

Conv2D

J,

BatchNormalization



L
Activation

V 4
V4 N\ l\l

 Conv2D

BatchNormalization

Activation

Conv2D

BatchMNormalization

W
Activation

Conv2D

BatchNormalization
|



Imagenet Image Recognition

= = Human performance

lexNet / SuperVision

)
—
©
—
—
0
=
L

E-ResNet152 / WMW

2012 2013 2014 2015 2016 2017

fahUne AeOA&EG E Ammgfebt&erﬁvﬁlaiﬁaéh Zélﬁrlzmﬁappéb@ﬂ?é i
Electronic Frontier Foundation

W
Activation

l

Conv2D

l

BatchNormalization

J,

Activation

Conv2D

W
BatchNormalization

W
Activation

Conv2D

r
BatchNormalization
|



|

Conv2D
Aautomatyczna klasyfikacja chmur BatchNormalization
G§¢i1 ACOE !
Aautomatyczne generowanie NMT ““"‘I“""
AEGhi " Ah 1 UE ah&80/& E C0DP Tomeu D
0zimych J,
Amapy drzew Conv2D

J,

BatchNormalization

W
Activation

ki

activation_38




|

!
Conv2D
R s |
A/fEij ,TIZ éﬁahgéE Gpﬁa’\EéCc\) BatchNormalization
hEU%h i GA@ h &a& aGOUA Aawl|Agecp
G¢ci aCOE CiA anahcCG aaese” a GO adtvaon A 5 U
manualne]
Adodanie nowych klas znacznie R A “fﬂLﬂut
hEUOadaah” Ah’  a OphECE’ph"lcl?-;

J,

BatchNormalization

W
Activation

ki

activation_38




Occupancy Output:
Voxels ——» ——» Label of value
{0,1, ... 7}

Convolutional Max-Pooling Convolutional ~Max-Pooling Fully-connected  Softmax
Layer Layer Layer Layer Layer

Jing Huang andSuyaYou, "Pointcloud labelingusing 3D ConvolutionalNeuralNetwork,"2016 23rd International Conference &attern Recognition(ICPR)
Cancun, 2016, pp. 26742675
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input
image

segmentation
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5 map

=» conv 3x3, RelL,U
copy and crop
¥ max pool 2x2
4 up-conv 2x2
=» conv 1x1

U-Net: ConvolutionalNetworks for Biomedical Image Segmentation; OlafRonneberger,
Philipp Fischer, Thomad®Brox; Medicallmage Computing andComputer-Assisted Intervention

(MICCAI), Springer, LNCS, Vol.9351: 2241, 2015
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— MaxPool
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predicted contour
predicted mask
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