


By: Mohsen Valizade

Supervisor: Dr.Shanbehzadeh

2015




Outline

« Introduction

- challenges
- Sshallow methods

- Deep methods

. conclusion




introduction






challenges

object pose 3/14




wwy - o —
- -
—— — s —



Harris

ans

i Chie sne Wil Siepaane. W oomivmed comen o scoe chiacos ™ s
sl poreRnGn Wl 16, 1962

1988

e 2. Lo D s e W e P P Bowic-imaania d bogies,
[T N LI e T
&i14

HOG
(Histogram Of Gradient)

DPM
(Deformabile Part Mode!)

- i
i 1. (5 TR G Eratoes wa e (565 2008




Harris

Harris, Chris, and Mike Stephens. "A combined corner and edge detector.” Alvey 4/14

vision conference. Vol. 15, 1988.
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HOG
(Histogram Of Gradient)

detection.”
er Society

Dalal, Navneet, and Bill Triggs. "
Computer Vision and Pattern
Conference on. Vol. 1. |IEEE,



DPM
(Deformable Part Model)

Felzenszwalb, Pedro, David McAllester, and Deva Ramanan. "A discriminatively
trained, multiscale, deformable part model." Computer Vision and Pattern 7/14
Recognition, 2008. CVPR 2008. IEEE Conference on. IEEE, 2008.
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Fundamental unit of a Neural Network
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DBN
Deep Belief Network

Internal representations capture
higher-order statistical structure

Higher-level features:
Combination of edges

(Hinton et.al.



C3: f. maps 16@10x10
C1: feature maps S4: . maps 16@5x5
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Future works & Open Issues

« Machine can see

- Using Deep Learning for various applications

1 State-of-the-art DNNs can recognize 95 But DNNs are also easily fooled: images can be produced that are unrecognizable
real images with high confidence to humans, but DNNs believe with 99,99% certainty are natural objects

Guitar Penguin : Guitar Penguin
98.90% 99.90% 99, 99% 99.99%

Nguyen, Anh, Jason Yosinski, and Jeff Clune. "Deep Neural Networks Are
Easily Fooled: High Confidence Predictions for Unrecognizable Images- 12/14
Nguyen Deep Neural Networks 2015 CVPR." (2015).
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shallow method

Advantage

- feature extraction _
- feature Learning

- small data set
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Deep Learning

Advantage
» Learn feature

- Big data




Advantage

. Learn feature

- Big data
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« Deep Neural Networks are Easily Fooled
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