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Overview of this section

AQuick introduction to convolutiondeature maps
ALylddzAaGA2yayYy Ayid2 GKS aofl O]l 02ES3&¢
AHow object detection networks & region proposal networks are designed
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AFocusing on forward propagation (inference)
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Object Detection = What, and Where

Localization
Where?
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Object Detection = What, and Where
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Convolutional Layers

AConvolutional layers arecally connected

\, A a filter/kernel/window slides on the

Image or the previous map

A the positionof the filter explicitly
provides information for localizing

A local spatial information w.r.t. the
window Is encoded ithe channels
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Convolutional Layers

AConvolutional layers share weights spatiaiignslationinvariant

A Translationinvariant a translated region will
produce the same response at the
correspondingly translated position

Al 20t LI GUSNYyQa 02
be re-usedby different candidate regions
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Convolutional Layers

AConvolutional layers can be applieditoages of any sizeyielding
proportionally-sizedoutputs

Ny mw
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HOG by Convolutional Layers

ASteps of computing HOG: AConvolutional perspectives:
A Computing image gradients AHorizontal/vertical edge filters
ABinning gradients into 18 directions ADirectional filters + gating (nelinearity)
AComputing cell histograms ASum/average pooling
ANormalizing cell histograms ALocal response normalization (LRN)

see Mahendran& Vedaldj CVPR 2015]

HOGASY a4S {LC¢Z I YRSWINES ZNEKBNI BKH VNI
convolutional feature maps.

AravindhMahendran & Andrededaldi® ¢! YRSNE Gl YRAY 3 5SSLI LYF3IS wSLIN
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Feature Maps = features and their locations
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Feature Maps = features and their locations

ImageNet images witktrongestresponses of this channel

. OE\;Vb LO

N . N
Intuition of thisresponse:
¢ K S NXcirclkeshaped 620 2SO0 abthidppgiong | |
one feature map of conyv
(#55 in 256 channels of a model What Where )

trained on ImageNet)
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Feature Maps = features and their locations
-

ImageNet images witktrongestresponses of this channel

<N : _ )
Intuition of thisresponse:
¢ KSNB<sthaped | 2@ 2SO0 06t A4t&is gositbny dzy

one feature map of conyv
(#66 in 256 channels of a model \_ What Where -

trained on ImageNet)
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Feature Maps = features and their locations

AVisualizingone responsdby Zeiler and Fergus)

a feature map keeponeresponse
(e.g, the strongest)
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Feature Maps = features and their locations
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Visualizing one response
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iImage credit: Zeiler & Fergus
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Feature Maps = features and their locations

Vlsuallzmg one response A a )

=y vf, Intuition of this visualization
E i ¢ K S NBdoghdiack | ackattHigPosition.
A s -

A Locationof a feature:
explicitly representsvhereit is.
o I A Responsesf a feature:
encodewhatit is, and implicitly
encode finer position informatioq

finer position information is
encoded in the channel dimension
(e.g.,bboxregression from

responses at one pixel as in RPN)
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image credit: Zeiler & Fergus
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Receptive Field

A Receptive field of the first layer is the filter size

A Receptive field (w.r.t. input image) of a deeper layer
/ /\\ N / RSLISYRa 2y Ittt LINBOA 2 dza
PTr— KL/ /
/| / g ' » / d
L Y % /A V

A Correspondencbetween a feature map pixel and
an image pixel is not unique

A Map a feature map pixel tthe center of the
receptive fieldon the image in the SRket paper
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How to computehe center of the receptive field

A A simple solution

A A general solution

A For each layer, padQrc| pixels for a filter siz&D
(e.g., pad 1 pixel for a filter size of 3)

A On each feature map, the response at (0, 0) has a receptiv
field centered at (0, 0) on the image

A On each feature map, the response afw has a receptive
field centered at Y &Y won the image (stridéY

io =gr(in) = an(ir, — 1} + 5z,

ap = H S,
L See [Karellenc& AndreaVedald]
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Regiorbased CNN Features

warpedregion aeroplaneno.
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person? yes.

tvmonitor? no.

figure credit: R. Girshick et al.

Input image region proposals 1 CNN for each region classify regions
~2,000

R-CNN pipeline
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Regiorbased CNN Features

AGiven proposal regions, what we neechigeature for each region

AR-CNN:cropping an image region CNN on region,
requires 2000 CNN computations

AWhat aboutcropping feature map regiof?s
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Regions on Feature Maps

image region feature map region

A Compute convolutional feature maps on the entire imagéy once
A PrOjeCt an image region tofaature map regiOr(leing correspondence of the receptive field center)
A Extractaregiom  aSR TSI GdzNB FNRY GKS FSI {dzn
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Regions on Feature Maps

warp image region feature map region

A Fixedlengthfeatures are required by fullgonnected layers or SVM
A But how to produce a fixetength feature from a feature map region?
A Solutions in traditional compute vision: Bafjg 2 NRa < {t a X
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Bagof-words & Spatial Pyramid Matching

level 1
® o + +

SIFT/HO&ased
feature maps
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Bagof-words Spatial Pyramid Matching (SPM)
[J.Sivic& A. Zisserman, ICCV 20@3] [K. Grauman & T. Darrell, ICCV 2005]
[S. Lazebnik et al, CVPR 2006]

- figure credit: S. Lazebnik et al.
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Spatial Pyramid Pooling (SPP) Lar~;

a finer level maintains
explicit spatial information

A fix the number of bins
(instead of filter sizes)
A adaptivelysizedbins

Concatenate,
FO fI & SNA.

pooling

a coarser level removes
explicit spatial information
(bagof-features)
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Spatial Pyramid Pooling (SPP) |

A PTetrained nets often have a
singleresolutionpooling layer
(7x7 for VGG nets)

A To adapt to a prérained net, a
Gsingleleve LB N} YA R

A Regionrof-Interest Ro) pooling
[R. Girshick, ICCV 2015]

Concatenate,
FO fI & SNA.

pooling

2ICCV
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Singlescale and Multscale Feature Maps

AFeature Pyramid
AResize the input image to multiple scales
ACompute feature maps for each scale
AUsed for HG catiirac andvalitignal foatiirec@verEeatecmanett al. 2013)
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