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Thought experiment: let’s build a person detector (HW4).
Why 1s this difficult?
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variation in illumination

occlusion & clutter Slide credit:
Deva Ramanan

Classic “nuisance factors” for general object recognition



Image intensities

s this a good enough feature!?

Slide credit:
Deva Ramanan




Main 1dea: use ‘“invariant features”

Slide credit:
Deva Ramanan



Image features:

Histograms of oriented gradients (HOG)

Bin gradients from 8x8 pixel %
neighborhoods 1nto 9 orientations

Slide credit:
(Dalal & Triggs 05) Deva Ramanan



(Simplified) HOG construction
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Slide credit:
Deva Ramanan



Quantize each gradient into one of no = 9 orientations

Do we want to put gradients 180 apart in same or different bins?
What should be the angle range of each bin?

[Hx W] ->[H x W x 9] Slide credit:
“orientation channel array” Deva Ramanan



[HxWx9]->[H/8 x W/8 x 9]

Count up orientation bins over 8x8 pixel neighborhoods. (im2col)

Get some spatial invariance (sort of)... Slide credit
Deva Ramanan
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[H/8 xW/8 x 9] - > [H/8 x W/8 x 9]

Re-normalize 9 numbers so that their sum is 1

Get some lighting invariance (sort of)... ... ..

Deva Ramanan



Histograms of oriented gradients (HOG)

(note that actual HOG construction is a bit more intricate)

1. Work with raw gradients instead of thresholded gradients
2. Normalize with respect to histograms of 2x2 neighborhoods

Bin gradients from 8x8 pixel ;\
neighborhoods 1nto 9 orientations

Slide credit:

Deva Ramanan Image [H x W] -> Image Descriptor = [H/8 x W/8 x 9]



Template classifiers

pos

w = weights for orientation and spatial bins N

Slide credit:
Deva Ramanan

Train with a linear classifier (perceptron, logistic regression, SVMs...)

w'x >0



Search over scales

Slide credit:
Deva Ramanan



Slide credit:
Deva Ramanan

Pedestrian detection




Face detection
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Slide credit:
Deva Ramanan




Object subcategories
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Train “sub-category” templates for each type of pose, body-shape, etc.

Slide credit:
Deva Ramanan




Object subcategories

Head

Long Tail

We need lots of templates, and will likely have little data of ‘yoga twist’ poses

Slide credit: Deva Ramanan




Slide credit:
Deva Ramanan
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History over 40 years

Pictorial Constellation Deformable
structures models part models

Model encodes local appearance + pairwise geometry

Pictorial Structures (Fischler & Elschlager 73, Felzenswalb and Huttenlocher 00)
Cardboard People (Yu et al 96)
Body Plans (Forsyth & Fleck 97)
Active Appearance Models (Cootes & Taylor 98)
Slide credit: Constellation Models (Burl et all 98, Fergus et al 03)

Deva Ramanan



Slide credit:
Deva Ramanan

Local evidence + global decision

® Parts have a match quality at each image location.
® [ ocal evidence 1s noisy.

- Parts are detected 1n the context of the whole model.

test image match quality

Original PS paper used a vector of filter outputs (“jet”) to define feature

Turns out that HOG works much better




S(l) = ZL()cal(li) + Z Pair(l;,1;)
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Slide credi

Deva Ramanan



Scanning window detection

K parts with L possible positions: efficiently score 2l L* configurations
Slide credit:
Deva Ramanan
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Slide cred
Deva Ramanan




Facial analysis

About as accurate as Google Picassa

Slide credit:
Deva Ramanan




Example object models

Slide credit: Deva Ramanan




Example object models




Example object models
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Slide credit: Deva Ramanan




& Code

http://www.cs.berkeley.edu/~rbg/latent/index.html

« HOG feature extraction

 DPM training and inference code

* Object detection models for several categories
e ...but not state-of-the-art anymore!


http://www.cs.berkeley.edu/~rbg/latent/index.html
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What information does HOG have!



What information does HOG have!

Image




What information does HOG have!

Image
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What information does HOG have!

Image

Nearest Neighbors
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What information does HOG have!

Image HOG
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What information is lost?
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What information is lost?
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What information is lost?
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What information is lost?

-1 14 L e D b b e %*&/g% \
— AN ———— AN X M Is\NNoex ﬁ\
- et el B +III$ PP AN
e *o R L & e et
&\\\\*llllll a#lllf;lllllll\\\&*.x
*““/Il'?i“‘fﬁ-o\\\
.. *#.o \\\\\\‘tl
Il.r .. D e e
%i“\‘\li&/{ : Il+‘\\\ e
‘/ffoQthllllIl¢wlitt\ f/w,x /
, e s e \ a;//.« \.
%% ¢c/ xt!llllll. MUy -
o 4°f DOPEPharnda bt o4 PRBDId & 44y
: ~
l% ww w& I!Ili&# s\ e
————ENNNNAAR RN S
%\%Iltll!f##l!ll o\ SAs v
FANANANN ALY \Nr
o m——— A AR RN ﬁv.
\k\\“‘lllf}# ff! \ 17
*&lt&*llll* w# SNSAX2s20
A EREANNANA Y N\X2 e
ff%l#&i‘\\\\\\\\\+llllllllll//lf XSSk
\\\\\\.\\\"‘I‘I'l!¢"ﬂ”k\\\k .
s SN
MIIIHNGO~“\$I
»va ”afm .w
o4 L
~m b4 3344 B¢
V4 Vs o, .
AR At AP PN A~
Sy wus

Womtrm kA AR B RN 2P rm it
P e s e e o




jonary

ICC

: Paired Di

Method

-~y s -

R L R R R R o
BB R R R R R L i
A S BN L L st
R R R R R et
L - Qs\\ s
LR e e 4
\ 1 Mint\ll A\ rors
LTS nbes A
SRS S S 5 Wy
LASNAAS St S A N
RN

L

-
e
e deate e
e s i i
- gy
ey~
.~~~

2
2

B
-
|
8
ED
z
0
—
av
|

e

where




Human Vision



Human Vision HOG Vision






Image —» HOG =—» 5SVM



Image —¥» HOG \ SY

Human



The HOGgles Challenge
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Clap your hands when you see a person



Visualizing Learned Models
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Why did the detector fail?




& Code

mit.edu/hoggles

« HOG feature extraction
* Code to visualize HOG: vis = invertHOG(feat)
* [raining code to create your own visualizations


http://mit.edu/hoggles

Classification error
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[Russakovsky, et al.]



Classification error

— | dueto
| ConvNets

2010 2011 2012 2013 2014
ILSVRC year

[Russakovsky, et al.]



Deformable Part Models are Convolutional Neural Networks

Ross Girshick! Forrest Iandola? Trevor Darrell? Jitendra Malik?
'Microsoft Research 2UC Berkeley

rbg@microsoft.com {forresti,trevor,malik}@Reecs.berkeley.edu
! Single-component DPM-CNN
(1) Convolve feature pyramid level / (2) Compute distance transforms (3) Sum root and transformed part maps
with filters from DPM component ¢ \1 (DT) of part convolution maps \Pn
Output:
root convolution - stack > ® @ c om;%l:g[nt o
map stacked maps - .
object detection scores
geometry for pyramid
__ DT filter level /
con\gl put: id ® "@—h' TpartltoP-1 ~<poolm_g. "~ DTofconv. %
P pa I/V\ conv. maps _ .~/ . maps _7
level / Sem Tt .= \1 Rtk et \1 Sidebar: example object geometry filter (Section 2.2.2)
% ® DT M 11010J0]0]0|0}0] |O]0]0J0]|0]JO|O]|O
"TM°Y olojojololololo] [olololololololo
256 feature channels part P part P pooling | DT of part P o o[o[olololololo] [oliTo[o[ololoTo
convolution ———» convolution part olojojojojojolo] [o]ojojofololo]o
map map ropt] [o]o]olofofololo] [olo]ololololo]o
Asimple DPM  Object geometry Object geomet
with one part  filter (channel 1) filter (channel 2)




