CS5670: Intro to Computer Vision
Noah Snavely

Introduction to Recognition, Part 2
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Announcements

Project 4 (Stereo)
— Due this Friday, April 28, by 11:59pm
— To be done in pairs

Voting on Project 3 artifacts

Quiz in class Thursday

Final will be take-home, details to be announced
next time



History of ideas In recognition

1960s — early 1990s: the geometric era
1990s: appearance-based models
Mid-1990s: sliding window approaches
Late 1990s: local features

Early 2000s: parts-and-shape models



Parts-and-shape models

* Model:
— Object as a set of parts
— Relative locations between parts
— Ap
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Figure from [Fischler & Elschlager 73]



Pictorial structure model

Fischler and Elschlager(73), Felzenszwalb and Huttenlocher(00)
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Discriminatively trained part-based models
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P. Felzenszwalb, R. Girshick, D. McAllester, D. Ramanan, "Object Detection
with Discriminatively Trained Part-Based Models," PAMI 2009



http://www.ics.uci.edu/~dramanan/papers/latentmix.pdf

History of ideas In recognition

1960s — early 1990s: the geometric era
1990s: appearance-based models
Mid-1990s: sliding window approaches
Late 1990s: local features

Early 2000s: parts-and-shape models
Mid-2000s: bags of features

Svetlana Lazebnik



Bag-of-features models

Svetlana Lazebnik



Bag-of-features models

Bag of
‘words’

Object

Svetlana Lazebnik



History of ideas In recognition

1960s — early 1990s: the geometric era
1990s: appearance-based models
Mid-1990s: sliding window approaches
Late 1990s: local features

Early 2000s: parts-and-shape models
Mid-2000s: bags of features

Present trends: data-driven methods,
deep learning

Svetlana Lazebnik



What Matters in Recognition?

* Learning Techniques
— E.g. choice of classifier or inference method

* Representation
— Low level: SIFT, HoG, GIST, edges

— Mid level: Bag of words, sliding window,
deformable model

— High level: Contextual dependence
— Deep features

e Data

— More is always better
— Annotation is the hard part




Types of Recognition

* [nstance recognition

 Recognizing a known object butin a new
viewpoint, with clutter and occlusion

* Location/Landmark Recognition
* Recognize Paris, Rome, ... in photographs
* |deas from information retrieval

* (Category recognition
 Harder problem, even for humans

* Bag of words, part-based, recognition and
segmentation



Simultaneous recognition and detection
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PASCAL VOC 2005-2012

20 object classes 22,591 images

Classification: person, motorcycle

Segmentation

Action: riding bicycle

Everingham, Van Gool, Williams, Winn and Zisserman.
The PASCAL Visual Object Classes (VOC) Challenge. 1JCV 2010.



The PASCAL Visual Object Classes
Challenge 2009 (VOC2009)

* 20 object categories (aeroplane to TV/monitor)

* Three (+2) challenges:
— Classification challenge (is there an X in this image?)
— Detection challenge (draw a box around every X)
— Segmentation challenge (which class is each pixel?)




Examples

Aeroplane




Classification Challenge

= Predict whether at least one object of a given
class is present in an image

is there a cat?



Precision / Recall for a Category X

* Precision:
[{images that contain an X}| N |{images classified as X}

[{images classified as X}|

* Recall:
[{images that contain an X}| N |{images classified as X}

{images that contain an X}|

* |n reality, methods give a continuous-valued
score for each image / category =» PR curve



relevant elements

false negatives true negatives
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true positives false positives

selected elements

How many selected
items are relevant?

Precision =

"Precisionrecall" by Walber - Own work. Licensed under CC BY-SA 4.0 via Wikimedia Commons -
http://commons.wikimedia.org/wiki/File:Precisionrecall.svg#fmediaviewer/File:Precisionrecall.svg

How many relevant
items are selected?

Recall =






Evaluation

= Average Precision [TREC] averages precision over
the entire range of recall

Curve interpolated to reduce influence of “outliers”

5 ; 5 A good score requires
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= Penalizes methods giving
high precision but low
recall

0 0.2 0.4 0.6
recall



] i = NP
| ettt 2UD|d 013D
B — Y

o O
O 0

OO0 O0O0000O0
NOWND<TMONe—

100

- 5 2
O s o 8
"N = =0
.ﬁlb O B B
Q L sl o409
W . —— junjdpayod
Q 1 L] do0ys
(oY0) | el BOp
(O sl D}OS
n_ru it J0jiUO WA
| e 1D Y2
AVH | bl 3] qRJBUIUIP
~ || oot paiq
_ E 03
o Y
@) | otteell] 224319
@\ | el 9)1qi040W
O ——— {10 q
O
>
(©
QO
(Vg
(O
al

(%) dV



Pascal VOC 2012 Average Precision

100

[ Imax
[ Imedian
I chance |

Average Precision




Precision /Recall: Aeropl

precision

All results

0 0.1 02 03 04 05 06 07 0.8 09
recall

—+— NECUIUC_CDCV (88.1)

—+— NECUIUC_CLS-DTCT (88.0)

—+— NECUIUC_LN-CDCV (87.7)

—+— NECUIUC_LL-CDCV (87.1)

—+— CVC_PLUS (86.6)
CVC_FLAT-HOG-ESS (86.3)
CVC_FLAT (85.3)

—&— UVASURREY _TUNECOLORKERNELSEL (85.0)
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—&— UVASURREY_BASELINE (84.1)

—o— FIRSTNIKON_AVGSVM (83.8)
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—— LIP6_SS-SPK-SVM (80.9)

—+— LEOBEN_SCC-200 (80.4)
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—#— LEAR_CHI-SYM-MULT-LOC (79.5)
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—B—LIRIS_EER (74.1)

—E— LIRIS_BASELINE (73.5)

—5— LIG_MRIM-FUSION (71.6)

—E— ALCALA_AVW (70.9)
ALCALA_LAVW (70.4)
LIRIS_SOFT-EER (70.3)

—&6—LIRIS_SOFT-BASELINE (70.0)

—6— UC3M_GEN-DIS (69.9)

—&— LIG_MRIM-COLORSIFT (69.5)

—&— CNRS_FUSE-KNN-CTS (66.8)

—&— LIG_MIRIM-VPH (62.0)
CNRS_KNN-OSHL (61.5)
CNRS_KNN-CT (57.6)

—+— CNRS_KNN-GABOR (51.8)

—+— HAS_FISHSIFT-FISHSEG (51.0)

—+— TSINGHUA_ALL-SVM-BOOST (45.5)

——+— CNRS_KNN-HRGB (42.1)

—+— TSINGHUA_SVM-SEG-HOG (32.7)

FIRST_L2MKL (6.8)
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Potted plant (Top 10 by AP)

Top 10 results by AP

uolsioaid

Precision/Recall

recall



Detection Challenge

’ fa
= Predict the bounding boxes of all objects o
given class in an image (if any)

T




True Positives - Person

UoCTTI_LSVM-MDPM




False Positives - Person

UoCTTI_LSVM-MDPM




“Near Misses” - Person

UoCTTI_LSVM-MDPM




True Positives - Bicycle

UoCTTI_LSVM-MDPM




False Positives - Bicycle

UoCTTI_LSVM-MDPM




Where to from here?

* Scene Understanding
* Big data —lots of images
* Crowd-sourcing — lots of people
* Deep Learning — lots of compute



24 Hrs in Photos

installation by Erik Kessels

http://www.kesselskramer.com/exhibitions/24-hrs-of-photos


http://www.kesselskramer.com/exhibitions/24-hrs-of-photos

Daily Number of Photos Uploaded & Shared on Select Platforms,
2005 - 2014YTD

1,800
2 Flickr
1,200 ® Snapchat
® Instagram
® Facebook
« WhatsApp (2013, 2014 only)

1 1

2005 2006 2007 2008 2009 2010 2011 2012 2013 2014YTD

E

g

# of Photos Uploaded & Shared per Day
(MM)
S S
o (=]

@ K P c B Source: KPCB estimates based on publicly disclosed company data, 2014 YTD data per latest as of 5/14. 62
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Data Sets

ImageNet

— Huge, Crowdsourced, Hierarchical, /Iconic objects
PASCAL VOC

— Not Crowdsourced, bounding boxes, 20 categories

SUN Scene Database, Places
— Not Crowdsourced, 397 (or 720) scene categories

LabelMe (Overlaps with SUN)

— Sort of Crowdsourced, Segmentations, Open ended

SUN Attribute database (Overlaps with SUN)
— Crowdsourced, 102 attributes for every scene

OpenSurfaces
— Crowdsourced, materials

Microsoft COCO
— Crowdsourced, large-scale objects



IMAGENET Large Scale Visual

Recognition Challenge (ILSVRC) 2010-2012

20 obi | 22 591 ]
1000 object classes 1,431,167 images
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Dalmatian

http://image-net.org/challenges/LSVRC/{2010,2011,2012}



bottles birds

cars

Variety of object classes in ILSVRC

PASCAL

ruffed grouse  quail

e
beer bo

wagon minivan

race car



Variety of object classes in ILSVRC

Hatchet Ladybug Honeycomb

Screwdriver
, , 5 >

Amount of Texture

Coffee mug Cleaver Bagel Red Wine

Color Distinctiveness

Jigsaw Puzzle Foreland Lipstick Bell
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Shape Distinctiveness

Real-world Size

Low High
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What are attributes?

What do we want to
know about this
object?

Object recognition expert:
“Dog”




Next step: Infer object properties

Can | poke with it? Can | put stuff in it?

s it alive? :
What shape is it? Is it soft?

Does it have a tail? Will it blend?



What are attributes?

What do we want to
know about this
object?

Object recognition expert:
“Dog”

Person in the Scene:
“Big pointy teeth”, “Can move
fast”, “Looks angry”




Why infer properties

1. We want detailed information about objects

7

“Dog
VS.
“Large, angry animal with pointy teeth”




Why infer properties

2. We want to be able to infer something about
unfamiliar objects

Familiar Objects New Object




Why infer properties

2. We want to be able to infer something about

unfamiliar objects
If we can infer properties...

Familiar Objects New Object

R~ »‘, TR &
57 v RN

Has Stripes Has Four Legs Brown Has Stripes (like cat)

Has Ears Has Mane Muscular Has Mane and Tail (like horse)
Has Eyes Has Tail Has Snout Has Snout (like horse and dog)

Has Snout



Why infer properties

3. We want to make comparisons between
objects or categories

- ¥

e, i = Gl A e i r‘“h £ '—' A -"‘
ASH I B ol AR i

What is the difference between horses

What is unusual about this dog?
and zebras?



Questions?



Where to from here?

* Scene Understanding
* Big data —lots of images
* Crowd sourcing — lots of people
* Deep Learning — lots of compute



Image categorization

Training

[ Training

Labels ] s
= Image Classifier Trained
e ‘[ ]‘[ ]‘[ClassifierJ

Features Training




Categorization




Training

/" Training

Images
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Testing

Test Image
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Training
Labels
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Features

e

Image
Features

Learned
Classifier

|

Learned
Classifier
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H Prediction J

Dataset: ETH-80, by B. Leibe

Slide credit: D. Hoiem, L. Lazebnik



Input image

Color: Quantize RGB values Invariance?
! Translation

 Scale
 Rotation
** Occlusion

Invariance?
* Translation
? Scale
** Rotation
** Occlusion

Invariance? Texture: Filter banks Invariance?
* Translation EEE? * Translation
= ~ | -
» Scale EERERE ? Scale
? ROtaﬁon (in-planar) e N \ . / -~ ? ROtaﬁon (in-planar)
- =l \ | = -
** Occlusion =1 1 sl T V7 ** Occlusion
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Color D,D, | Mag-Lap | PCA Masks | PCA Gray | Cont. Greedy | Cont. DynProg Avg.

apple 57.56% | 85.37% | 80.24% 78.78% 88.29% 77.07% 76.34% 77.66%
pear 66.10% | 90.00% | 85.37% 99.51% 99.76 % 90.73% 91.71% 89.03%
tomato | 98.54% | 94.63% | 97.07% 67.80% 76.59% 70.73% 70.24% 82.23%
cow 86.59% | 82.68% | 94.39% 75.12% 62.44% 86.83% 86.34% 82.06%
dog 34.63% | 62.44% | 74.39% 72.20% 66.34% 81.95% 82.93% 67.84%
horse 32.68% | 58.78% | 70.98% 77.80% 77.32% 84.63% 84.63% 69.55%
cup 79.76% | 66.10% | 77.80% 96.10% 96.10% 99.76 % 99.02 % 87.81%
car 62.93% | 98.29% | 77.56% 100.0% 97.07 % 99.51% 100.0% 90.77%
total 64.85% | 79.79% | 82.23% 83.41% 82.99% 86.40% 86.40% 80.87%




" Unlabeled

Show images,
Collect and
filter labels

Crowdsourcing

Training
Labels

-

Image
Features

Training

Classifier
Training

jnd

Trained
Classifier

|




IMAGENE T Large Scale Visual Recognition Challenge

Year 2010

NEC-UIUC

|

Dense grid descriptor:
HOG, LBP

|

¥

Coding: local coordinate,
super-vector

¥

Pooling, SPM

d

Linear SVM

[Lin CVPR 2011]

Year 2012

SuperVision

bujeod
xe

[Krizhevsky NIPS 2012]

GoogleNet
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[Szegedy arxiv 2014]

Year 2014

VGG

image
conv-64

conv-64
maxpool

conv-128
conv-128
maxpool

conv-256
conv-256
maxpool

conv-512
conv-512
maxpool

conv-512
conv-512
maxpool

FC-4096
FC-4096
FC-1000
softmax

[Simonyan arxiv 2014]

MSRA

[He arxiv 2014]



Deep Learning or CNNs

* Since 2012, huge impact..., best results
* Can soak up all the data for better prediction



