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note:
black & white



Object detection

Sliding window for search

Features based on differences of intensity
(gradient, wavelet, etc.)

Boosting for feature selection

Integral images, cascade for speed

Bootstrapping to deal with many, many ‘:’
negative examples




Starting point: sliding window classifiers

Feature vector
71| [Faap————

e Detect objects by testing each subwindow
- Reduces object detection to binary classification
- Dalal & Triggs: HOG features + linear SVM classifier

- Previous state of the art for detecting people

Felzenszwalb



Histogram of Gradient (HOG) features
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® Image 1s partitioned into 8x8 pixel blocks
e In each block we compute a histogram of gradient orientations

— Invariant to changes 1n lighting, small deformations, etc.

e Compute features at different resolutions (pyramid)

Felzenszwalb




HOG Filters

e Array of weights for features in subwindow of HOG pyramid

e Score 1s dot product of filter and feature vector

p

HOG pyramid H

Filter FF

Score of F at position p is

- op, H)

¢(p, H) = concatenation of
HOG features from
subwindow specified by p

Felzenszwalb




Dalal & Triggs: HOG + linear SVMs

R not pedestrian
w- f<0

pedestrian
w- >0

S
-

There 1s much more background than objects
Start with random negatives and repeat:

1) Train a model

Typical form of 2) Harvest false positives to define “hard negatives™

a model
Felzenszwalb



t-based models

ive par
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deformation

part filters

root filters

finer resolution models

coarse resolution

Each component has a root filter Fo

and n part models (F, vi, d))

Felzenszwalb



response of root filter

color encoding of filter
response values

low value high value

combined score of
root locations



Discriminative part-based models

Root Part  Deformation
filter filters weights

P. Felzenszwalb, R. Girshick, D. McAllester, D. Ramanan, Object Detection
with Discriminatively Trained Part Based Models, PAMI 32(9), 2010

Felzenszwalb



http://people.cs.uchicago.edu/~pff/papers/lsvm-pami.pdf

Car model

Component 1

Felzenszwalb



Person model

Wt f ~ |

g e

A e e
| HEHEH A Xy
£A WA Kot |
b | X dere—t ot
S M K
s s s S e 3
e ORI S

Felzenszwalb



Bottle model
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Felzenszwalb



Good detections?

bottle




HOGgles (Vondrick et al. ICCV 2013)

Vondrick et al.




Vondrick et al.
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What information is lost!?
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What information is lost!?

-4 h B B e D b b e T B R e S
l&\b&i.ofllllllll/&x ﬁﬁ#&\// Lt e
D e St o f..llll§$$++\\\\\./
#n& X AL A, .0'!’!:0"'"“\\\..1
‘o \\\NNV“!’!’*‘\}IIIOQ-OOOQQ.o\\\
' L D e S e
IM + I e R s o e e A 4
. »» III Hor et NN A HN AP ENNNN~= IR ?
!Mud~ ¢XXQIllllllll//J!Qi\ss*ﬁl,f/ PP s IR
AN vt If/rlllllllailll\\ 11,//.« .
R .o//xlfllllll._Oi\\i SNV -
ANERESN N ey R AR R R L
*is w. » ﬁ- ww *f:ll#t*»‘nf! R
—t A ERL e f s AsAN SRR E R\ ) ‘zr
- ' * B NN, A\ N
- ’ ‘e .\\%Illlltoolllllll#./a SA\s b
s ey \- $+l/llllll+llllll.¢¢~ \NNr
L Nn\K\OIIIIIIIfIlllaw Ly
Vhea n:tilti‘$\\\\u\\\\t'lllfl#ffffa (B R4
MAANNRBRE RN P PNN AT T 5N Rt R sININARINEANNNNNNN v
FAINNNR R BB SR PP PSS T T HAREENINANNANANRNAINNNS P s
NN gt it P B J NNt NSNASNAANN S Sy
B e l/n/f”.ffk\\\& .
0“./111\1\\\|l\\$\|llllll IR ERRPFE T T B
+ B R N e e b Ty A
ESAEEEaed x...d...tn.t.ud“\“ IS T anents
\ - ’ 7
. i“ .//oa!ﬂt' Mli\\\s~ ¢ V1 *ﬂﬂ\s~
- -k AN L VLR TR .ﬁﬁ\\\ 5
~N HEERANINANRKSS SR L S S F 070 T KNesderiv N
g wHEN PN AN bLENERr 2L s T
P e g .f//.¥0s~tt0\s\\\ RO PrAtArPENN N -
Pl Bt P sl‘&lli\\*t\\!&*ons$‘$ll
AEANN P hmne AN XN KL > o e
-rNS mwwf* i S € A t
SAEANTAE AN *\\\siT’/".’Ot\\\\X'\\“\%

A
|

Vondrick et al.



How can we ‘invert’ lossy HOG?

* Gradient computation
* Without width or ‘edge blur’, i.e., not edges from Eldar 1999

* Oriented magnitude sum (via bins)

* Loss of precision
* Loss of specificity —any number of values can sum to the same total

* Normalization
* No way to unnormalize without knowing normalization factors

Many different image patches translate to the same HOG feature : (



What information is lost?
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What information is lost!?

ot ¥ § VS rmmma A\ A RS s A S B 7 X 2SRV e
—_—t AN ——— N a NN X PPN\ xR
-~ :&lil!li\%%‘li*lx“ lHN%IIIl PEP I AN
S )P LR —A AN
XN N X AL 7 P Ao A W S NEANAN NSNS e P v X
B B O ) g B e S
L X4 w B R e
T ———\ N A SN s s’
- T B e N S S e A 177
= S e e b D B St 4 SN\NAZ2lZEIR
m ~ N, A N i aa//.“ )y P
LT 2 e e b L E ] ALY s
ANR - R o
H% ww AN RS m$$
Nk A A S AREEL\ | P 4
£ 7L NSNS, LY R
- FLAENNS NN L RNANNS, -\ NN b
4 W%IIIIIII’+IIIIII-« \NNs
7 - ———— AR AR N fv.
- S \ﬁ\\\\‘llllfl“ S58N ” Vs
e PN NS L E R R ANIANNARINE NN
\ SRS S S R ENRANASNARARARNNN X Sy
\ S AL AN NSSNASASNN s P d
\‘\\\\‘\\i/f’fﬂ##k\\\ﬁ .
~44 7SN
s o b Bt
. A= NN wwme s s P w ANN~F s o hm T
e BOBE L L %0\\\\% \ M
V\aw krswd \ et
% AN vrz : W$\\ hS
~N A 7L s 5
~ AN RS 77 7 DAY M
" RN At add AN T A~
ANy - NS
m SN i ARBENN e
14N -~ K77 74 A A i 2 P 2 s ¥ A,

Vondrick et al.



ionary

ICC

Method: Paired Di

B

\
PR S
.
)

B R
e R
X\ i ”
'R ] N\W#.\‘!
-

;

)
\
)
\
“

T
e e 2B B T
et B St 4
..w SRR o s
\ R AERET T
\ P B .
V11 ‘q
1 1 I4+4

- o ——

B e N
et | ARENN

e Ean o i B



ionary

ICC

: Paired Di

Method

- -
-
& B A

'

L

1. Learn a basis over HOG windows

How to constrain (two parts):




Method: Paired Dictionary
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How to constrain (two parts):

1. Learn a basis over HOG windows

2. Simultaneously learn a basis over input windows,
and share the weights «; ... a; over the training data

Vondrick et al.



Method: Paired Dictionary
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Inference to invert HOG:
1. Transform HOG patch into basis vectors
2. Take weights and apply to input basis

Vondrick et al.






HumanVision HOGVision

Vondrick et al.



HOGgles (Vondrick et al. ICCV 2013

HOG [1] Inverse (Us)

Original
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Visualizing Top Detections

We have visualized some high scoring detections from the deformable parts model. Can you guess which are
false alarms? Click on the images below to reveal the corresponding RGB patch. You might be surprised!

Vondrick et al.



Recursive HOG!

Original z ' = ¢! (¢(z)) " = ¢~ (¢(z'))

Figure 11: We recursively compute HOG and invert it with a
paired dictionary. While there is some information loss, our

visualizations still do a good job at accurately representing
HOG features. ¢(-) is HOG, and ¢! (-) is the inverse.



Bottle Deformable Parts Models + HOGgles
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Why did the detector fail?




Why did the detector fail?

Vondrick et al.



Why did the detector fail?




CodeAvailable

Try it on your projects!

http://web.mit.edu/vondrick/ihog/

ihog = invertHOG(feat);



http://web.mit.edu/vondrick/ihog/

The PASCAL Visual Object Classes
Challenge 2009 (VOC2009)

 Twenty object categories (aeroplane to
TV/monitor)

* Three challenges:
— Classification challenge (is there an X in this image?)
— Detection challenge (draw a box around every X)

— Segmentation challenge

Image Objects

Snavely



Dataset: Collection
" Images downloaded from flickr

500,000 images downloaded and random subset
selected for annotation



Dataset: Annotation

= Complete annotation of all objects

= Annotated over web with written guidelines
High quality (?)



Dataset: Annotation

= Complete annotation of all objects
= Annotated over web with written guidelines

High quality (?)

20 classes.

- Train / validation data has 11,530 images
containing 27,450 ROI annotated objects and
6,929 segmentations.



Examples

Aeroplane




Examples

Dining Table

TV /Monitor

et T 3
— - A




Classification Challenge

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

is there a cat?



Results: AP by Method and Class

aero dining motor potted tv/
plane bicycle  bird boat  bottle bus car cett

85.3 57.8 66.0 66.1 36.2

person plant sheep sofa  train  monitor

84.8 37.4 44.1 479 819 67.5

CVC_FLAT
CVC_FLAT-HOGEss | 003 - B 653 81.8 68.6
CVC_PLUS 86.6 58.4 66.7 67.3 82.1 67.0
FIRSTNIKON_AVGSRKDA 83.3 59.3 627 653 83.4 65.5
83.8 58.2 6246 65.2 81.6 65.3

FIRSTNIKON_AVGSVM

83.0 59.2 61.4 6446 32.8 470 47.1 83.3 64.6

FIRSTNIKON_BOOSTSRKD A

FIRSTNIKON_BOOSTSVMS 83.5 56.8 61.8 655 33.2 697 57.3 60.5 546 43.1 483 64.3 62.4 823 329 46.9 484 820 64.2

LEAR_CHI-SVM-MULT-LOC 79.5 555 545 63.9 437 703 66.4 56.5 54.4 388 44.1 46.2 58.5 64.2 82.2- 41.3 39.8 73.6 66.2

NEcUC cocy 881 680 680 725 410 789 70.4 70.4 58.1 534 557 593 73.0 71.3 845 323 533 567 860

NECUIUC_CLS-DTCT 88.0 68.6 67.9 729 442 795 725 708 595 536 575 590 726 723 853 36.6 56.9 57.9 85.9-

NECUIUC_LL-CDCV 87.1 67.4 658 723 40.9 783 69.7 697 585 50.1 551 563 71.8 70.8 84.1 31.4 51.5 551 847

NECUIUC_LN-CDCV 67.8 68.1 71.1 39.1 785 7046 70.7 574 51.7 533 592 71.6 70.6 84.0 30.9 51.7 559 859 667

ERREY, BESELNE 592 627 654 357 706 59.8 61.3| 567 453 524 506 66.1 66.6 837 348 472 477 80.8 659

R — 63.9 379 741 63.2| 640 57.1 462 547 535 68.1 70.6 852 38.5 47.2| 49.3 68.1
UVASURREY_TUNECOLORKERNELSEL 62.8 37.6| 735 621 620 574 451 545 525 677 698 848 39.1 468 499 68.1
62.4 39.4) 740 63.4 628 567 43.8 547 527 67.3 706 850 388 469 500 66.2

UVASURREY_TUNECOLORSPECKD A

= Only methodsin or 3rd place by group shown
= Groups: CVC, FIRST/Nikon, NEC/UIUC, UVA /Surrey



AP by CICISS AP = average precision

100
90
80 |
70 o

60 -| T = O Max
50 B Median
40 7 B Chance

30
20
10
O -

train
bus
horse
boat
car
cat
bird
chair
do
sofa
cow
bottle

pottedplant

o
L))
)
-
n

aeroplane
person
motorbike
bicycle
tv/monitor
diningtable

= Max AP: 88.1% (aeroplane) ... 40.8% (potted plant)



relevant elements

false negatives

selected elements

How many selected

items are relevant?

Precision =

true negatives

How many relevant

items are selected?

Recall = —

Set threshold on ‘detection’
to create one pair of
precision / recall values.

Vary threshold across all
values to generate precision
/ recall curves:

D\

precision

recall



Precision /Recall: Aeropl

precision

precision

All results

0 0.1 02 03 04 05 06 07 08 09

recall

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)

—o— UVASURREY_MKFDA+BOW (84.7)

—&— UVASURREY _TUNECOLORSPECKDA (84.6)

—&— UVASURREY_BASELINE (84.1)

—o— FIRSTNIKON_AVGSVM (83.8)
FIRSTNIKON_BOOSTSYMS (83.5)
FIRSTNIKON_AVGSRKDA (83.3)

—— FIRSTNIKON_BOOSTSRKDA (83.0)

—— LIP6_SS-SPK-SVM (80.9)

—+— LEOBEN_SCC-200 (80.4)

——— LEAR_CHI-SVM-MULT (79.7)

—#— LEAR_CHI-SYM-MULT-LOC (79.5)
LEOBEN_SCC-CLS (79.5)
CASIA_SVM-MULTIFEAT (78.2)

—+— LIP6_HB-SPK-SVM (77.9)

—— LEOBEN_DENSESIFT (77.0)

—— RITSU_WSF (76.9)

——— MPI_STRUCT (75.9)

—— RITSU_AKF (75.9)

RITSU_ASF (75.4)
IIR_SVM-ROIIC (74.6)

—B— KERLE_SVYM-DENSESIFT (74.2)

—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

Precision/Recall

recall

recall



Ranked Images: Aeroplane

= Class images:
Highest ranked




Ranked Images: Chair

= Class images:
Highest ranked




Detection Challenge

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

T




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
08~ ) la i Interpolated.-———_. both high recall and high
: 5 precision

Application-independent

precision
o o
£ -2
N &
:

_ -

I

I

I
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I

I

I
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|

= Penalizes methods giving
high precision but low
recall

0 0.2 0.4 0.6
recall



Evaluating Bounding Boxes

= Area of Overlap (AO) Measure

Ground truth Bgf

A~ 7 |Bn+men|

AO(Bgyt, Bp) = 75175
~ B \ gt p) |BgtUBp|

gt p

Predicted B 0

*= Need to define a threshold t such that
AO(B,B,) implies a correct detection: 50%

gt
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Precision/Recall - Aeroplane

(47.8)

OXFORD_MKL
NECUIUC_CLS-DTCT

(44.9)

— MPLSTRUCT

41.0)

— UVA_BOWSEG

(40.2)
-MDPM (39.5)

UoCTTI_LSVM
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Precision/Recall - Car
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Precision/Recall — Potted plant
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True Positives - Person

UoCTTI_LSVM-MDPM




False Positives - Person
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“Near Misses” - Person
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True Positives - Bicycle
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False Positives - Bicycle
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PASCAL VOC: 2010-2014
]

HCP

n 2014: 91.4%
Deep feature

2014: 83.2%

Sub-category

2012: 82.2%
GHM Deep fe

2011: 78.7% 2013: 79.0%

Context-SVM
2010: 73.8%

25%

| 2009: 66.5%

Shuicheng Yan
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Many slides from James Hays, Alyosha Efros, and Derek Hoiem Graphic from Antonio Torralba



Computer Vision so far

* The geometry of image formation

— Ancient / Renaissance

 Signal processing / Convolution
— 1800, but really the 50’s and 60’s
 Hand-designed Features for recognition,
either instance-level or categorical
— 1999 (SIFT), 2003 (Video Google), 2005 (Dalal-
Triggs), 2006 (spatial pyramid)
* Learning from Data
— 1991 (EigenFaces) but late 90’s to now especially



What has changed in the last decade?

e The Internet

* Crowdsourcing

* Learning representations from the data these
sources provide (deep learning)



Google and massive data-driven algorithms

A.l. for the postmodern world:
— all questions have already been answered...many

times, in many ways

— Google is dumb, the “intelligence” is in the data

~1o] ||

+-—-' Google Search: clime stairs - Netscape
=100 x|

1|

-

(File Edit Vie ¥ Google Search: clime punishment - Netscape

F

L

ile Edit Wiew Go Communicator Help
I 4 2 A D . M @ &£ @ @

Back :
H Wt " Bool Back Fomward  Reload Home Search  Metzcape  Print Security Shop Stop
i wiebhe o £ W‘ Bookmarks \g& Location: Ihttp Ahwenw. google. comydzearchhl=eniir=tie=50-8853-1 kg=clime+punizhrment j @' "What's Related

-

' WebM ail ' Calendar ' Fadia ' People ' ellow Pages ' Download ' Custamize...

Advanced Search  Preferences Language Tools  Search Tips j

GOL)gl_e |c:|ime punishment

zoogle Search |

Images | Groups | Directory | MNews |

searched the web for clime punishment. Results 1 - 10 of about 4,280 Search toolk 0.06 seconc

Did you mean: crime punishment




The Unreasonable
Effectiveness of Data

-




Big Idea
Do we need computer vision systems to have

strong Al-like reasoning about our world?

 What if invariance / generalization isn’t
actually the core difficulty of computer vision?

 What if we can perform high level reasoning
with brute-force, data-driven algorithms?



What should the missing region contain?
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Which is the original?




How it works

* Find a similar image from a large dataset

* Blend a region from that image into the hole




General Principal

4 A

Huge Dataset

- N ( image 4 )
Images matching Info from

Input
P + \ — Most Similar

Image
. y r J Images

Associated \_ y,
Info

\S

Hopefully, If you have enough images, the dataset will contain very
similar images that you can find with simple matching methods.



How many images is enough?




Nearest neighbors from a
collection of 20 thousand images



Nearest neighbors from a
collection of 2 million images



Image Data on the Internet

* Flickr (as of Nov 2013)
— 10 billion photographs
— 100+ million geotagged images
— 3.5 million a day

* Facebook (as of Sept 2013)
— 250 billion+
— 300 million a day

* |nstagram
— 55 million a day



Image completion: how it works

[Hays and Efros. Scene Completion Using Millions of Photographs.
SIGGRAPH 2007 and CACM October 2008.]



The Algorithm




Scene Matching




Scene Descriptor

high
edge
energy

Frequency

low
edge
energy

Edge Orientation



Scene Descriptor

: R e s s
S high

edge
energy

low
edge
energy
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Edge Orlentatlon

Frequency

Scene Gist Descriptor
(Oliva and Torralba 2001)



Scene Descriptor
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~ energy
Edge Orlentatlon

Frequency

Scene Gist Descriptor
(Oliva and Torralba 2001)
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... 200 total



Context Matching







Result Ranking

We assign each of the 200 results a score
which is the sum of:

The scene matching distance

The context matching distance
(color + texture)

The graph cut cost
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... 200 scene matches
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ich is the original?







