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e Properties of Ideal Local Feature

e Edge detector
e Blob detector
o SIFT descriptor
e HOG descriptor
o LBP descriptor

e Color descriptor
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o Properties of Ideal Local Feature

e Edge detector

e Blob detector

e SIFT descriptor




SFTTTHEN How to Describe Objects?

Visual Descriptor

g .,

Aline is defined by a point A shape is two-dimensional, Value is the the lightness

moving in space. Lines flat, or limited to height or darkness of tones or

may be two or three- and width. colors. White is the lightest

dimensional, descriptive, value; black is the darkest.

implied, or abstract. The value halfway between
these extremes is called
middle gray.

(N

FORM 37— = SPACE COLOR == TEXTURE

Aform is a three-dimensional Space refers to distances Colors are made up of three Texture refers to the way
shape and encloses volume; or areas around, between, properties: hue, value, things feel or look as if
includes height, width and or within components of and intensity. they might feel if touched
depth. Cubes, spheres, a work of art to achieve a — like feeling the surface of
pyramids, or cylinders sense of depth. a football.

are all examples of forms.

Source: https://www.khanacademy.org/partner-content/49ers-steam/49ers-art/49ers-elements-art-design/a/art-in-football
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Detector
A

How to Represent Images?

Descriptor
A

Applications
A
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Image Gradients

B

Dense Sampling

2 3 4 4 3 4 2 2
5 11 17 3 7 9 38 4
11 21 23 27 22 17 4 6
23 99 165 135 85 32 26 2
91 155 133 136 144 152 57 28
98 196 76 38 26 60 170 1
165 60 60 27 77 85 43 136
71 13 34 23 108 27 48 110

Gradient Magnitude

80 36 5 10 0 64 90 73
37 9 9 179 78 27 169 166
87 136 173 39 102 163 152 176
76 13 1 168 159 22 125 143
120 70 14 150 145 144 145 143
58 86 119 98 100 101 133 113
30 65 157 75 78 165 145 124

11 170 91 4 110 17 133 110

Gradient Direction

N\

» Matching

* Estimation
* Indexing
e Detection

Tracking

Source: https://www.learnopencv.com/histogram-of-oriented-gradients/



Example: Image Stitching

Source: https://courses.cs.washington.edu/courses/cse455/09wi/Lects/lect6.pdf




=SWFTTTHEN Feature Descriptor

Definition
®* A representation of an image / an image patch that
describes the image by extracting useful information




=SETIEl Global Feature Vs. Local Feature

Global Features

®* Describe an image as a whole
® Ability to generalize an entire object with a single vector

Local Features
®* Represent image patches
®* Computed at multiple points in the image
®* Require to handle cases < -
a variable number of feature vectors per image



BEI Recognition with Global Features

E |

Test Image




Recognition with Local Features
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Recognition with Local Features

n comparison to global features,

ocal features are more robust to occlusion and clutter
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SETTTHEN Properties of Ideal Local Feature

(1) Repeatability
®* Given two images of the same object / scene, taken

under different viewing conditions

® High percentage of features detected on the scene part
visible in both images should be found in both images

Source: http://homes.esat.kuleuven.be/~tuytelaa/FT_survey_interestpoints08.pdf
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Properties of Ideal Local Feature

(2) Distinctiveness / Informativeness

®* The intensity patterns underlying the detected features
should show a lot of variation

® Such that features can be distinguished and matched




SITTTHEN Properties of Ideal Local Feature

(3) Locality
®* Features should be local, to reduce the probability of

occlusion

¢ allow simple model approximations of geometric &
photometric deformations

®* between two images taken under different viewing
conditions
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3 Properties of Ideal Local Feature

(4) Quantity

®* The number of detected features should be sufficiently
large

® such that a reasonable number of features are detected
even on small objects

O Feature A
O Feature B
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Properties of Ideal Local Feature

(5) Accuracy

®* The detected features should be accurately localized,
both in image location

® as with respect to scale and possibly shape
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Properties of Ideal Local Feature

(6) Efficiency

®* Preferably, the detection of features in a new image
should allow for time-critical applications
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Time Complexity
(Feature Extraction)

T 200 160 Elapsed time required for
g 150 - extraction of various types
= 100 - of features.

g 60 54

2 >0 - 18 15

- 0 BN 2 BN 0 BN 0 B e

SUWCH SIFT SURF FREAK BRISK
Feature Type

M.K. Islam et al., “Object cataloging using heterogeneous local features for image retrieval,” 2015.
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HETTTIEE Image Gradients

®* The gradient of an image

— [of Of
Vf_ _—%73%_

®* The gradient points in the direction of most rapid change

in intensity

Vf= [‘;3—{0] V= df ()f]
Vf— k

Source: https://slideplayer.com/slide/8048909/




HETTTIEE Image Gradients

* The gradient direction is given by:

S

) = tan—! (g%/ )

* The edge strength is given by the gradient magnitude

VAl = /GD)° + ()7

Source: https:/slideplayer.com/slide/8048909/



=S (HER First-Order Methods

®* The simplest approach is to use central differences:

1 1
L,(z,y) = —§L(w —1,y) +0- L(z,y) + 5 -L(z+1,y)

1 1
Ly(az,y) — —EL(CU,Z/ - 1) +0- L(may) T 5 ) L(w7y+ 1)

corresponding to the application of the following filter masks to

the image data 1/2°

L,=[+1/2 0 -1/2]L and L,=| 0 |L
| —1/2_

The well-know Sobel Operator is based on the following filters:

+1 0 —17 T+l 42 41
L,=|4+2 0 —2|L and L,=|0 0 0 |L
+1 0 —1_ -1 -2 -1




SITTTHE Designing an Edge Detector

Two Factors:

* Use derivatives (in x and y direction) to define a location

with high gradient

* Need smoothing to reduce noise prior to take derivative

Source: http://web.stanford.edu/class/cs231a/lectures/lecture9_detector_descriptors.pdf



SITTTHEN Edge Detector in 2D

* Smoothing
, 1 _x2+y2
I"'=g(x,y)*1 where g(x,y)zzﬂgze 202
* Derivative
.
S=V(g+D=7(g)+1 =g« 1={50 1| = 155,

gradient vector

where Vg = agl [



Canny Edge Detection

A
original Canny with 0 = 1 Canny with 0 = 2

® The choice of 0 depends on desired behavior
® large o detects large scale edges
®* small o detects fine features

Source: http://web.stanford.edu/class/cs231allectures/lecture9_detector_descriptors.pdf



SITTTHEE Edge Detection as Zero Crossing




=0 (0E8 Blob Detection in 2D

* Laplacian of Gaussian
Circularly symmetric operator for blob detection in 2D

. 1 ’g o
Scale-normalized: Vﬁormg =0 (ﬁ + 6‘y_§) =0’ (g.+ gyy)



Scale-Space Blob Detector: Example




SFTTHEN Scale Invariant Feature Transform (SIFT)

- Boosting + Cascade HOG
EacH & = Speed (30K) (Histograms
Elschlager £ Ori
(Structural of Oriented
Representation), Gradl_ent§).
1973 19K citations
Canny edge  __________ -
detection, " S .

1986 (27K) ; | SIFT (Scaled Constellation
1 | Invariant ! Model
| | Feature |

Snake, | | Transform) |

1988 (18K) X (55K) )

Eigenfaces,
1991 (16K)

Computer Vision: 50 Years of Progress
® S O OO

before 1999 2001 2003 2005
1990s




=S (BEl SIFT Feature

Image content is transformed into local feature coordinates

that are invariant to translation, rotation, scale, and other
Imaging parameters

SIFT

Features \

-
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SIFT Feature




=S (AEl SIFT Feature

®* David G Lowe, Distinctive Image Features from Scale-invariant
Keypoints. International journal of computer vision (IJCV), Vol.60,
No.2, pp.91-110, 2004.

= Google Scholar

US6711293B1

United States

David Lowe - -
B Download PDF a Find Prior Art z Similar

Professor Emeritus, Computer Science Dept., University of British Columbia
Verified email at cs.ubc.ca - Homepage

- , . Inventor: David G. L
Computer Vision Object Recognition nventor: av owe

Current Assignee :

Worldwide applications

TITLE CITED BY YEAR

2000 US
Distinctive image features from scale-invariant keypoints 66413 2004
DG Lowe

International journal of computer vision 60 (2), 91-110 Application US09/519,893 events @

Object recognition from local scale-invariant features 22256 1999 19990505 = Frioiily 1o USTZ33609%
DG Lowe
International Conference on Computer Vision, 1999, 1150-1157

2000-03-06 = Application filed by University of British Columbia

. : , : : . : -03-23 -« Publication of US6711 1
Fast Approximate Nearest Neighbors with Automatic Algorithm Configuration. 3639 2009 2004-03-23 ublication of US67112938

M Muja, DG Lowe

VISAPP (1) 2, 331-340 2004-03-23

Application granted

2020-03-06 +« Anticipated expiration

Automatic panoramic image stitching using invariant features 3133 2007

M Brown, DG Lowe 2020-03-15 * Application status is Active
International Journal of Computer Vision 74 (1), 59-73




=S CAEl SIFT: Motivation

®* The Harris operator is not invariant to scale and
correlation is not invariant to rotation

* For better image matching, Lowe’s goal was to
develop an interest operator that is invariant to scale
and rotation.

* Also, Lowe aimed to create a descriptor that was
robust to the variations corresponding to typical
viewing conditions. The descriptor is the most-used
part of SIFT.
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SIFT: Overall Procedure at a High Level
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1. Scale-space extrema detection

Search over multiple scales and image locations.

2. Keypoint localization

Fit a model to determine location and scale.
Select key points based on a measure of stability.

3. Orientation assignment
Compute best orientation(s) for each keypoint region.

4. Keypoint description

Use local image gradients at selected scale and rotation
to describe each keypoint region.
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SIFT: Overall Procedure at a High Level
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1. Scale-space extrema detection

Search over multiple scales and image locations.

2. Keypoint localization

Fit a model to determine location and scale.
Select key points based on a measure of stability.  detector

3. Orientation assignment descriptor
Compute best orientation(s) for each keypoint region.

4. Keypoint description

Use local image gradients at selected scale and rotation
to describe each keypoint region.




SITITHEN 1. Scale-Space Extrema Detection

* Goal: Identify locations and scales that can be
repeatable assigned under different views of the same
scene or object.

* Method: search for stable features across multiple
scales using a continuous function of scale.

* The scale space of an image is a function L(x, y,o) that is
produced from the convolution of a Gaussian kernel
(at different scales) with the input image.
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Scale-Space Interest Points

* Laplacian of Gaussian kernel
® Scale normalized (x by scale?)
®* Proposed by Lindeberg

® Scale-space detection

®* Find local maxima across scale/space
®* A good “blob” detector

[ T. Lindeberg [JCV 1998 ]



SIS Difference of Gaussians (DoG)

®* Approximating the Laplacian with a difference of Gaussians:

021

L=0%(g,(xy,0)+g,(x.7,0))

(Laplacian)

DoG = g(xayaza)_g(xayaa)

Difference of gaussian with
scales2 cand o

In general:

DoG = g(xayaka)_g(xayaa) = (k_l)GZL
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SETTTHEN Lowe’s Pyramid Scheme

* Difference of Gaussian is obtained as the difference of
Gaussian blurring of an image with two different o

* letit be o and ko. This process is done for different octaves (2H)
of the image in Gaussian Pyramid.

\ZZ2 3 > S Gaussian Pyramid:

Y . 10, ko, K2, - 1

octave) /,;BE ﬁ 2 (O', kO',k O','“,k O')
1

k = 2 /S

/

S': # of scale levels in the i-th octave

Scale
(first
octave)

Difference of
Gaussian Gaussian (DOG)



SETITEN Lowe’s Pyramid Scheme

* Difference of Gaussian is obtained as the difference of
Gaussian blurring of an image with two different o

® letit be o and ko. This process is done for different octaves of
the image in Gaussian Pyramid.




HETTTHEN 2. Keypoint Localization

® Detect Max and Min
of DoG In scale space A

® Each point is compared
to its 8 neighbors in the
current image,
and 9 neighbors each
in the scales above and
below

For each max or min found,
output is the location and the scale.
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32 Keypoint Localization

®* Once a keypoint candidate is found, perform a detailed fit to
nearby data to determine

® Jocation, scale, and ratio of principal curvatures

* |In initial work keypoints were found at location and scale of a
central sample point

* |In newer work, they fit a 3D quadratic function to improve
interpolation accuracy

®* The Hessian matrix was used to eliminate edge responses

oDT 1 +0%°D

Dx)=D+ — x+-Xx —=X
2
0x 2 0x X : the sample point:
—1
. 0°D " 0D X
m) X=- 2 Ox X : location of the extremum



SITITHEE Eliminating the Edge Response

Let o be the eigenvalue

®* Rejectflats:  pi) <0.03 with the largest
. _ magnitude and f be the
° Rejectedges: - <o smaller one.
. . Dy, Dy, —
2x2 Hesslan matrix: H=| ™ Y git ; } Zgﬂ
Moy Dyy | —

Tr(H) = Dyy + Dyy = o + B,
Det(H) = Dgg Dyy — (D :cy) = af.

T(H?  (a+8)?  (BBR  (r+1)?
Det(H)  of r3? ro

* What does this look like?
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Corner / Edge / Flat Classification

1SO-response contours

amplitude of response function

R

Source: C. Harris and M. Stephens, “A combined corner and edge detector,” 1988.




SETTHEN Keypoint Localization with Orientation

233x189 L Tk | . 832
,mman aé*w“t-““ = : S initial keypoints
729 536

keypoints after
gradient threshold

keypoints after
ratio threshold
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3. Orientation Assignment

®* For each image sample, L(x, y), at this scale:
* Gradient magnitude:
m(z,y) = /(L(z +1,y) — Lz — 1,y)? + (L(z,y + 1) — L(z,y — 1))?

®* QOrientation:

0(z,y) = tan™ ' ((L(z,y + 1) — L(z,y — 1))/(L(z + L,y) — L(z — 1,y)))

» Create histogram of local gradient
directions at selected scale
* Assign canonical orientation at peak of
— > smoothed histogram
« Each key specifies stable 2D
coordinates (X, y, scale, orientation)
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Keypoint Localization with Orientation
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® At this point, each keypoint has
® location
® scale
® orientation
* Next is to compute a descriptor for the local image
region about each keypoint that is
® highly distinctive
® invariant as possible to variations
such as changes in viewpoint and illumination



SEITHER SIFT Descriptor

® Divide the 16x16 window into a 4x4 grid of cells

16x16 window

® Keypoint




SEITHER SIFT Descriptor

®* Compute an orientation histogram for each cell

16x16 window 128 dimensional vector
* - - Aw
o o v
® Keypoint S P4 q'u-‘ > | O
b' A'A b' b'
PN
v A - b " A
PN, AN VA X2 : 1
Ayd D'I .' 5'
e Pl @
- A
- A v 'D‘ -
< | 3 4> ‘b < *‘D
" ." A' "
"b ot 7 ‘Vf" ¢'f'p
‘D > 5 - 4
¥ a w 4 . .'
2l X
" ¥
v
R Histogram of
4 . .
T A1 orientation
N\

®* 16 cells * 8 orientations = 128 dimensional descriptor



SIFT Descriptor: Example
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Local features are a popular tool for image description nowadays, with a
variety of applications, such as image matching, 3D reconstruction,
motion tracking, object recognition, robot navigation.

Point sampling strategy Color descriptor computation

sampling detecto Histograms, Colo.rSIFT,
°- .--‘L-'Lur. | °- .'J‘—-'L.u-_
\ o— :Jl:-li.-_-_. 0— :J‘z—‘inz.
°" :—“!—114.-_ °" !—“-—-'14-_‘.
o- :4‘—‘;& c- :L‘L
Spatial pyramid (2x2) Histograms, ColorSIFT, ...
Q- .l
O «“-—*L.
:"> Q- d
e L‘L
Q- .l
o ‘L—‘L_
Spatial pyramid (1x3) Histograms, ColorSIFT,

Source: Koen E.A. van de Sande et al., “Evaluating Color Descriptors for Object and Scene Recognition,” IEEE PAMI, 2010.




Lec4d Machine Learning
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FTTTREE 94T 448 i bLas & > Sk

° AZZWEE’J%)WMEX’EF\“ X A LB KT K
* REHBER
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® Y
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Egyptiancat  Persian cat Siamese cat tabby

dalmatlan keeshond mlnlatureschnauzerstandardschnauzer glantschnauzer

[ILSVRC, Deng et al., CVPR'09]
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* ¥ EML (Support Vector Machine, SVM)
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* REANPHLELRL (w A b A2 40)
f(x) =sign(w'x + b)

. -1 x<0
s1gn (x) = I x>0

° é/ﬁ\%i}”éﬁ% \ D= {(xla YI)D (x29 )’2)» cee 9 (xma ym)}a yie {19 '1}

* WE (x,y,) WRIEH: -y,(wix,+b) <0

* W (x, ) B4R -y;(wix,+b) > 0
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* YIZRIs R AL (/MU L (w, b)):
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* ZFFMEAL (SVM)
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Decision surface
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1 =
min S|+ C;%/l (i (w @i +b) - 1)

A 1, b=l
. 30/1(2) =
0, otherwise.

C—

* 2 C>0 il TN E
* H/NE C: JFEEZALMES
* H KW C: JFEHIGHS
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(C = +oo 2% A i [A] B )
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I SR 4K 1H] B S Fr In] &= AL

® BRIAI B S HF M) = AALUEAE H A

. .
min S|+ C;%/l (i (w @i +b) - 1)

A I P
Hrp £y1(2) =
0, otherwise.

* 2 C>0 4] 7B B
* AL SE bR _EALA A tradeoff #4
* m/MEw BIEK

* BuME R KRR W RiRE
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liil
° N

* bon1(2) BFHERIFALE, b JRESE
® SCPRE LA R BUE AR

1
1, #2<b; _/
lon(z) =
i) 0, otherwise.
1

=9 =] 0

hinge °K: Lhinge(z) = max(0,1 — 2) ;
CEVE
X #AK (logistic loss): £, (2) = log(1 + exp(—2)) .

Pt

‘K (exponential 10ss): £ezp(2) = exp(—2) ;
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.1 e
min 5||w||2 +C’Zmax (0,1 - y; (wha; +b))

S 1 |

* SIANMAEE S >0, WRBUEITES

1, 9 A
1 N
min S lw]®+ ;f

S 3
I
3
N
i
=

gt yz-(wTa:z- +b)>1-—¢;

61'20, i:1,2,...,m
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SETTCAEd SVM 2

1. LIBSVM
https://www.csie.ntu.edu.tw/~cjlin/libsvm/

2. LIBLINEAR
https://www.csie.ntu.edu.tw/~cjlin/liblinear/

3. [#EX¥FE] scikit-learn

pip install scikit-learn scikit—-learn
import sklearn

Machine Learning in Python




S0 (HER SVM sk ZRikSVM

SVM Inplementation in Scikit-Learn
sklearn.svm.LinearSVC((
penalty="12", loss="hinge', dual=True,
t0l=0.0001, C=1.0, multi class="ovr',
fit intercept=True, intercept scaling=1,
class weight=None, verbose=0, random_state=None,
max_1iter=1000

min | [w|*
w,b

s.t. yi(wla; +b) =1, i=1,2,...,m.



S0 (HER SVM sk ZRikSVM

SVM Inplementation in Scikit-Learn
sklearn.svm.LinearSVC((
penalty="12", loss="hinge', dual=True,
tol=0.0001, C=1.0, multi class="ovr',
fit intercept=True, intercept scaling=1,
class weight=None, verbose=0, random_state=None,
max_1iter=1000

Dual: hifs B H 315 RAFXT B ] i
tol: IRACRIFFILG AR ANFIIIRE




S0 (HER SVM sk ZRikSVM

SVM Inplementation in Scikit-Learn
sklearn.svm.LinearSVC((

penalty="'12", loss="hinge', dual=True,
t0l=0.0001, C=1.0, multi class="ovr',

fit intercept=True, intercept scaling=1,

class weight=None, verbose=0, random_state=None,
max_1iter=1000

1 ™m
) in ~|wl|? C"E &
min  sllwl”+ Z,___l&

s.t. yi(wix; +b)>1—¢

6&'/>/Oa 7::1,2,...,777,



S0 (HER SVM sk ZRikSVM

SVM Inplementation in Scikit-Learn
sklearn.svm.LinearSVC((

penalty="12", loss="hinge', dual=True,
t01=0.0001, C=1.0, multi class='ovr',

fit intercept=True, intercept scaling=1,

class weight=None, verbose=0, random_state=None,
max_1iter=1000

)

SVM fFER 43 2RI, 250 I R 7 B0 388 i 49 2K h) i
‘ovr' BJ one Vs rest, jllZ n_classes PM—Xf%5RKee
'crammer_singer ' fRALPT A KB MIBG B s CGEE AR KE)




S0 (HER SVM sk ZRikSVM

SVM Inplementation in Scikit-Learn

sklearn.svm.LinearSVC((

penalty="12", loss="hinge', dual=True,
t0l=0.0001, C=1.0, multi class="ovr',

fit intercept=True, intercept scaling=1,

class weight=None, verbose=0, random state=None,
max_1iter=1000

)
class_weight: XA oA (a0 RS0 Fe )45 51
=) AT RITRERSRBIE A — R OR P A3 5 1t

verbose: &5 H4E R R R

i RIRAIREL

| -

max_1iter:



=TT CAEl SVM 32 : dEZM: SVM

Scikit-Learn ®HHY JEZESYM
sklearn.svm.SVC(

C=1.9, kernel='rbf', degree=3,

gamma="auto_deprecated', coef0=0.0,
shrinking=True, probability=False, t0l=0.001,
cache size=200, class weight=None,
verbose=False, max_iter=-1,

decision function shape='ovr',

random state=None

e

XIFAZENHERIR | (E1ERFA]BESEA ] D RIS R REIE A S VM
=]

I3, —RRIESERZME Svm BIE] , IREEELRIR,




=SETTOREl SVM sZig: dEZik SVM

* kernel A RALTEA]

'linear’ ‘poly’

® LinearSVC # SVC(kernel='linear')




ke = SVM Sz

# SR —InEESE

from sklearn.datasets import make classification

X, y = make classification(n_features=4, random state=0)

# SVMI)||Zx

from sklearn.svm import LinearSVC

clf = LinearSVC()
clf.fit(X, y)

57



apke s SVM Sz

# SYMIER1: FTRNFrEUE

new X = [[ 0, 6, @0, 0], [-1, 0, -1, 0]]
pred y = clf.predict(new X)

# [1 0]

# SVMIiR2: INREE FAOSEH AR

test X, test y = make classification(n_features=4,

random state=0)
score = clf.score(test X, test y)

# 0.93

58



SETTUHEE SVM sEieiklr: ElMg R

* Cifar10
* Tiny image recognition datasets
®* 60,000 32 X% 32 color images in 10 different classes

airplane % '- > ..:'&Z
automobile Egﬁﬂh‘
wd i WEETS B N
« EHESHSEEEs P
aeer 15 Y I O I R
w0y HESEHSBRAK LR
rog N I M 2 I O L S
e SRR P B T
i EEEg s e L -
wock o R e 0 58 5 o I R




200 B HOG-SVM.py

4)» HOG-SVM.py

numpy np
torch
torchvision

torchvision.transforms transforms

transform ~ transforms.Compose(
[transforms.ToTensor(),
transforms.Normalize((0.5, 0.5, 0.5), (0.5, 0.5, 0.5))])

ooO~NNOUTLE WN =

trainset - torchvision.datasets.CIFAR10(root-"'./data', train-True,
download=True, transform=transform)

testset - torchvision.datasets.CIFAR10(root-"'./data', train-False,
download=True, transform=transform)

train_x - trainset.data

train_y - np.array(trainset.targets)
test x - testset.data

test_y - np.array(testset.targets)

§ ] Line 52, Column1 Spaces: 4




SETITREN Step 2: HHAEHRI

* F2HL HOG FHiE
* FATEEAEH Scikit-lmage 44
* K#Bar iz Python Xik% ik it
* BoARAS HCOwE LA B 2%

B HOG-SVM.py

4)» HOG-SVM.py

skimage. feature

def get_hog(data):
X =[]
img data:
fd hog(img, pixels_per_cell=(4,4), cells_per_block=(2,2),
multichannel=True, feature_vector=True)
X.append(fd)
np.array (X)

Line 1, Column 1 Spaces: 4




SETTAEN Step 3: YIGFIMK D3

4)

41
42
43
44
45
46
Iy
48
49
50
51
52
53

o4
S

1

-

B HOG-SVM.py

HOG-SVM.py + v

sklearn.svm LinearSVC —
clf LinearSVC() o

train_fx - get_hog(train_x)
clf.fit(train_fx, train_y)

test_fx - get hog(test_x)
print("HOG+SVM:", clf.score(test_fx, test_y))

¥ ] Line1, Column1 Spaces: 4 Python
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Deep-based Image Classification




FUTUHEE Top Image Classification Competition Results

Top Image Classification Competition Results at ILSVRC

TOp-S Classification Error

2011 2012 2013 2014 2015 2016 2017
S
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[y \
.l \ 3\ \ 3 3 > >
\ o\ g \] 3 I‘ A\
r “5-' ' 3.\ b .~ \ 3 -
‘ : | dense
a8 oty 197 192 158 2048 2048
X A AN R 13 13
\ 5\ L\ 3 l‘ 3
\ 53 cvevaa [ 3 K 3 9 & 3 .
= ‘ : I3 R e : dense| |dense g
: = | h 1000
192 192 128 Max
: 2048 4
Strid Max. 128 Max pooling 2048
of 4 pooling pooling
3 48

Krizhevsky, Alex, Sutskever, llya, and Hinton, Geoffrey E. Imagenet classification with deep convolutional neural networks.
In Advances in neural information processing systems (NIPS), pp.1097-1109, 2012.



AT THEll GoogleNet / Inception

* (GoogleNet architecture consists of a 22 layer deep CNN

* But reduced the number of parameters from 60 million (AlexNet) to 4 million

" - T
i 4 i EE Eﬁﬂﬁﬁﬂggﬂﬂﬁ@ﬂﬁﬁﬂﬁ“
pajaa]uiigiiygiigggtiataniyy W I
g ettty 0 B o .
BB B g
Convolution
Pooling
Other

Going Deeper With Convolutions

Christian Szegedy, Wei Liu, Yangqing Jia, Pierre Sermanet, Scott Reed, Dragomir Anguelov, Dumitru
Erhan, Vincent Vanhoucke, Andrew Rabinovich; The IEEE Conference on Computer Vision and Pattern
Recognition (CVPR), 2015, pp. 1-9



=HETITHER GoogleNet: CNN Micro-architecture

* With the trend of designing very deep CNNSs,
* it becomes cumbersome to manually select filter dimensions for each layer

* To add this, various higher level building blocks, or modules, have been

proposed

Convolution
Pooling

Concat/Normalize

GooglLeNet: 9 Inception modules



/
=|-RIPKU-

=8 Inception Module

/

1x1 convolutions

Filter
concatenation

)

3x3 convolutions

e —

5x5 convolutions

1x1 convolutions

1x1 convolutions

1x1 convolutions

A

3x3 max pooling

=

Full Inception Module

Previous layer




=SETTUREN Intuitive Behind Inception Module

* In the lower layers, there are high correlations in image patches
that are local and near-local

The idea is that at each layer of your convnets
you can make a choice.




=S CHEll MobileNets

« Efficient Convolutional Neural Networks for Mobile Vision Applications

Object Detection Finegrain Classification

5
5 O ¥ ) .
Photo by Juanede (CC BY 2.0) / / / / / / Photo by HarshLight (CC BY 2.0)
y _/’ 3 ; "‘,.- / 4 y
oco Bel
B N .

Face Attributes Landmark Recognition

MobileNets

Google Doodle by Sarah Harrison Photo by Sharon VanderKaay (CC BY 2.0)



Dy — N — 3x3 Conv 3x3 Depthwise Conv
R [ 1
(a) Standard Convolution Filters BN BN
| |
1 RelLU RelLU
Dy
Dr — M 1x1 ([30nv
R BN
(b) Depthwise Convolutional Filters I
RelLU
M
ses Figure 3. Left: Standard convolutional layer with batchnorm and
1 ReLU. Right: Depthwise Separable convolutions with Depthwise
1 — N — and Pointwise layers followed by batchnorm and ReLLU.

(c) 1 x 1 Convolutional Filters called Pointwise Convolution in the con-
text of Depthwise Separable Convolution
Figure 2. The standard convolutional filters in (a) are replaced by
two layers: depthwise convolution in (b) and pointwise convolu-
tion in (c) to build a depthwise separable filter.
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MobileNet Architecture

Type / Stride Filter Shape Input Size
Conv / s2 3x3x3x32 224 x 224 x 3
Conv dw / sl 3 x 3 x 32dw 112 x 112 x 32
Conv /sl 1 x1x32x64 112 x 112 x 32
Conv dw / s2 3 x 3 x 64dw 112 x 112 x 64
Conv /sl I x1x64x128 56 x 56 x 64
Conv dw / sl 3 x3x 128 dw 56 X 56 x 128
Conv /sl I x1x128 x 128 56 x 56 x 128
Conv dw / s2 3 x3x 128 dw 56 X 56 x 128
Conv /sl I x1x128 x 256 28 x 28 x 128
Conv dw / sl 3 X 3 x 256 dw 28 X 28 x 256
Conv /sl I x1x 256 % 256 28 X 28 x 256
Conv dw / s2 3 X 3 x 256 dw 28 X 28 x 256
Conv /sl I x1x256x 512 14 x 14 x 256
5y Convdw /sl | 3 x3x 512dw 14 x 14 x 512
Conv /sl I x1x512x 512 14 x 14 x 512
Conv dw / s2 3 x3x512dw 14 x 14 x 512
Conv /sl 1 x1x512x 1024 7Tx7x512
Conv dw / s2 3 x 3 x 1024 dw 7Tx7x1024
Conv /sl 1 x1x1024 x1024 | 7x 7 x 1024
Avg Pool / sl Pool 7 x 7 7x 7 x1024
FC /sl 1024 x 1000 1 x1x1024
Softmax / sl Classifier 1 x1x 1000
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-RIPKU-

* Standard connectivity

Each layer receives input from previous layer generate feature for the next layer

* ResNet connectivity

Identity mappings promote gradient propagation “skip connections”
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* Residual learning: a building block

X
weight layer

X
identity
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SFT (HEll DenseNet (CVPR17)

* Connect every two layers in the network

* Each layer receives signals from all its preceding layers

et o




=HE T UHEE DenseNet Variants

* A deep DenseNet with three dense blocks

Input
Prediction
o Dense Block 1 o Dense Block 2 o Dense Block 3
|3l N 2| ,lgl, 1
= sl |3 sl |3 3%
S 5| P 5| ° W :

=l -
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27.5

26.51

validation error (%)

22.5

ResNet Vs. DenseNet

. T T

Dense

—&— ResNets

 AResNet-34 | ——DenseNets-BC |

ResNet—SO ......... ......... ........ i

t-169

DenseNet-201 ResNet- 101
SEPERRREESS SN S ReSNet 152

DenseNet-264

3 4 5 6 7
#parameters % 10






