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|_ecture 3: Descriptors

e [erminology

* An opportunity for machine learning
DeCAF
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lerminology

W C W NS Al °© An observation is constructed by

detection (deciding where to sample)
followed by

matching description (deciding how to sample)

l e Detection is e.g. a canonical frame (LE2),
or local affine region detection (LE4)

decision

* The resulting descriptor is a vector v
that can be compared to memory, e.g.

match=True, if ||[v — m|| < ¢
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lerminology

observation memory GRBESIEIolCNel(elelSlgies of a descriptor vector:

\ / 1. invariance to nuisance parameters

matching such as illumination, small shifts in
l position and scale of the region
such that different objects can be told
apart
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lerminology

observation memory GRBESIEIolCNel(elelSlgies of a descriptor vector:

\ / 1. invariance to nuisance parameters

matching such as illumination, small shifts in
l position and scale of the region
such that different objects can be told
apart

small

d(qa pright-model)
d(qv pwrong_model) — large
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Terminology

 Nomenclature for descriptor properties:

1. Texture
Fine details, e.g. wrinkles

2. Colour




Opportunity for Machine
L earning

e With access to a large set of labeled examples,
it Is possible to use machine learning to find
good image descriptors.
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Opportunity for Machine
L earning

* Methods to learn patch appearance (LE4,LE7) can be used.

+ a learned descriptor can improve performance
significantly, compared to a hand-coded one.

- high-dimensional learning requires
large amounts of training data.
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Opportunity for Machine
L earning

e Example: Jeff Donahue, Yangqging Jia et al., "DeCAF: A Deep
Convolutional Activation Feature for Generic Visual Recognition”,

ArxXivi13

 DeCAFs and DeCAF7 are pre-trained feature sets (i.e. descriptors)
obtained by training the Convolutional Neural Network Classifier CAFFE
on the ImageNet database (14M images, 1000 categories)
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Designed descriptors

* Most descriptors in use today are still designed

* |n practise, all designed descriptors have
parameters that have been tuned, i.e. a form of
learning is also used here




Intensity normalisation

A very simple descriptor Is the intensity
normalized patch we saw in LE2
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Intensity normalisation

A very simple descriptor Is the intensity
normalized patch we saw in LE2
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Intensity normalisation

* A very simple descriptor is the intensity normalized
patch we saw In LE2

snbore i o f e f(xn)]T X, € patch
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Intensity normalisation

* A very simple descriptor is the intensity
normalized patch we saw in LE2
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The HOG descriptor

* Nearly identical to the SIFT-descriptor (LE4),
out adapted to dense grids
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Image gradients Keypoint descriptor

Image from SIFT paper [Lowe IJCV'04]
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The HOG descriptor

» Compute gradient with small filters

gl Ty = =1
LIRS R A VI S G

e Perform orientation binning with

hi =) |Vf(x)|By(tan™" Vf(x))

x ccell
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The HOG descriptor

 Fach cell now contains K values (K=9)
ol
TR R PR 1o

* [hese are grouped into 2x2 blocks
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The HOG descriptor

 Each cell now contains K values (K=9)
ol
1y = [hl,o hl,g}

* [hese are grouped into 2x2 blocks
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The HOG descriptor

 The HOG descriptor was introduced in the paper
"Histograms of Oriented Gradients for Human
Detection”, Dalal & Triggs, CVPR’'05




Detector+dadescriptor pairs

 SIFT, Scale Invariant Feature Transform [D. Lowe
ICCV’99, [JCV'04]

* An interest point detector (DoG) + a descriptor

. 4x4 HOG blocks W|th a smgle common
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BRIEF

M. Calonder et al., "BRIEF: Binary Robust Independent
Elementary Features”, ECCV’10, (also PAMI’12)

* A binary descriptor based on intensity differences of pixel

pairs, X,y
1 if I(x) < I(y)

17 o Y e .
(%, ¥) 0 otherwise.
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BRIEF

M. Calonder et al., "BRIEF: Binary Robust Independent
Elementary Features”, ECCV’10, (also PAMI'12)

e 256 bit instead of e.g. 128 byte for SIFT (4x size reduction)

* Descriptor comparison is done with
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BRIEF relateo

e Detector+descriptors: BRISK, FREAK, ORB are all based on
BRIEF.

e Census transform (R. Zabih, J. Woodfill, ECCV’94)
Compare central pixel to neighbours in patch and check signs.
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~* Local binary pattern (LBP) (T. Ojala et al., JIMLR'96)



Random Ferns

e M. Ozuysal, P. Fua, V. Lepetit, "Fast Keypoint Recognition in Ten
Lines of Code”, CVPR'0O7

e Treats descriptor matching as a classification problem.
Each patch on an object is treated as a class.
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- » Split BRIEF style bit tests fj into groups called ferns (a fern is




Random Ferns

* Train patch appearance on re-sampled local neighbourhood with
added noise.

P(patch,| {F;}) ~ P({F}} |patch,) = H P(Fy|patch,)
 Many samples are needed (25=1024 bins to poéulate, for S=10)




Gabor Jet

e A set of responses from filters that are oriented and localized wavelets

g(x,w,n, ¢,0) = exp(iwn’ x + ig)exp(—x"' x/20°)
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Gabor Jet

* Filter banks are typically used to classify texture,
e.g. E. Hayman et al. "On the Significance of Real-World Conditions for
Material Classification”, ECCV’'04
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GIST

* A. Olivia and A. Torralba, "Modeling the Shape
of the Scene: A Holistic Representation of the
Spatial Envelope”, [JCV'01

* A global feature for images that is useful in
~ scene categorization.
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GIST

* Scene categorization dataset

coasts nvers/lakes forests plains mountains




GIST examples

Input image Descriptor



http://people.csail.mit.edu/torralba/code/spatialenvelope/

GIST examples

Input image Descriptor

o 2N <
2 Vo 5 SN o !
Y .\t e B .
7 RO S Yo e R o !
’ T B -5
; Y S " s .
S uk Yo lgRd A - G*
s A - A AT )
3 . . 23780 s
LA A y B s & :
CF o . \J . A 3 L 1Y
R - ) . y g
g ¥ 3 - > >
. ." 4
£ L » ' 4 N

http://people.csail.mit.edu/torralba/code/spatialenvelope/

e Gabor jets in 4x4 grid (4 scales, 8 directions) on
downsampled images (128x128) 512 element descriptor.

©2015 PER-ERIK FORSSEN


http://people.csail.mit.edu/torralba/code/spatialenvelope/

Colour histograms

 Many different variants. E.g. from C. Carson et al.
"Blobworld: A system for region-based image indexing
and retrieval”, ICVIS'99

1. Transform region of interest into La*b™ colour space.
2. Use coarse binning of Lab space, 5x10x10 bins

u [
2 WS ;t“(,'_':g {Q ,-._ @,,\‘. 3 A f

. - aYaYla “ThE . M 1o @) 3 %
2 S L) L L S G il I i ale () =l S l1aL 1al
. >~ 3 e A THrva - * R x U & - - = .

A € ',m ﬁ "‘5& |" :- ‘- _.. |_ .. 1




Colour histograms

* Colour Names, J. van de Weijer et al. "Learning Color
Names for Real-world Applications”, TIP'09

e [abel pixels as one of 11 different colours:

black blue brown grey | gréeen orange pink I purple red white yellow




Difficult cases for
Descriptors

 Background clutter in 3D scenes




Difficult cases for
Descriptors

e Large illumination changes
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Contour SIFT

* |dea: Use a detector that produces contours, e.g.
I\/ISER olf I\/ISCR

Input image 64 random MSER- regions

Region shape Is robust to changes outside the
region
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Contour SIFT

 Compute a descriptor from the binary mask of the
region instead of the grey- scale patch
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Contour SIFT

» Shape Descriptors for Maximally Stable Extremal
Regions, Forsséen&Lowe, ICCV'07

* Use the “standard SIFT pipeline”

- * Re-tune all parameters to maximise performance




Shape descriptors

 Other common shape descriptors are: the shape
context descriptor, and Fourier descriptors.

 Shape Context descriptors:
S. Belongie, J. Malik, J. Piuzicha, "Shape Matching and Object
Recognition Using Shape Contexts”, IEEE TPAMI 2002

S e 4 1 < o e g o A v i4 Jamt > N “alvy [y : { 2 & - N B N s Y R i ® aallh & B »
R R ANt A Sl i Sl sdiio R B A LI 1R AT Son [T e BT S R C Lt TES N Y Ve o e T B ST Lot AR eda kb g S e Sl
- N, TR o e e - .'.J P by '-‘- o™ e~ M oy s A ."- e = 5 3 VO R 8 R - ,‘. . S = .-‘ ¢ U= St I8 i - P et "> ,'\:.-‘ . & T T Y~ P '.. \ -




Shape descriptors

» S. Belongie, J. Malik, J. Piuzicha, "Shape Matching
and Object Recognition Using Shape Contexts”, IEEE
TPAMI| 2002

e Log-polar histogram
of points along the
contour of a binary
mask.
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Shape descriptors

 F Larsson, M. Felsberg, P.-E. Forssén, "Correlating Fourier
descriptors of local patches for road sign recognition”,
2011, IET Computer Vision, (5), 4, 244-254.

* Represent points
along contour as
complex numbers
z(t)=x(t)+iy(t), and
apply the Fourier
transform on the
resultant periodic
signal.

Figure 2.2: Shape signature based on distance to the center of gravity.
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summary

e Descriptors estimate shape, texture and
colour.

e Descriptors can be learned, but for speed, and
N prachse hand coded descriptors are more
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DIsScuUssIon

* Questions/comments on paper:

M. Calonder et al., "BRIEF: Binary Robust
Independent Elementary Features”, ECCV’'10,
(or extended version in PAMI'12)
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Next week

e paper to read for next week:

S. Leutenegger et al., "BRISK: Binary Robust
Invariant Scalable Keypoints”, ICCV’11




