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EERZRESHIEIZE 2019/5/15 4

515 : NXAERESEFRER

- Term=>Feature: MR ?

Gt —rnees)  [hido—mmxr

/
MRS T3

- Bag of Words - Bag of Features

Object Bag-of-words




ERRRSHIEEZTE

17) %% (Bag of words)f=#Y

2019/5/15 )

o ANZE RETRIAE SR A HH B AL
- John is quicker than Mary /& Mary is quicker than
John are [RJ3R7R 45 R —FF

f%ﬁuuiﬁ
RN E R 5]

I, 1ERAR

%'J/’*Ei]—xiéﬁ !

KRR R IR A iR
He % [X 43 B P SR
HE RO, Y'T a6 R 37

F — RERZ i o@iE, Etdo S R
B'EixoiEiE, AKEINE

ga'T 2 2 EILo4,



ERRRSHIEEZTE

515

2019/5/15

R EN185%) (Sensory Gap) /1& X 1837:)(Sematic Gap)

(1) JEFRG V4 2 15 FL 5K

A NEY/L L IVINER YL LS E= VALY

SREr VL i U NSl ]

EORIEMAR

6

SEER

(2) 5 S8 2 18 AT BRI B RE S22 /45 B AN A
P FERE AR DL T XS AH R B Fdd ok = — i

e

L 5 FFE

e

Saliency and Similarity Detection for Image Scene Analysis
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BRI 2RA LA KRBT B

- Low-level Modelling
- Semantic Modelling
- Sparse Coding

- Deep Learning




EERZRESHIEIZE 2019/5/15 9

o RNEAEE

&N AN TS
o ey AR R B A R RFAE 2
o PUEUVRFE. SCEEFFE. TAREHE
o Ay APEIAG H R B BB ARFAE 2
- SIFT: Scale-invariant feature transform
BRI B LA K R B
- Low-level Modelling
- Semantic Modelling
- Sparse Coding
- Deep Learning




S ERRSHIEZE 2019/5/15 10

AN (Color)ﬁﬁ BT 5 NI HI

TREFE

(N

o 40 80 120 180 200 240

AN A B ] e 2T ML BT

o 40 80 120 160 200 140

HI’EH%/\ESZTE% (BREE) KT X, a7
XS SR U BT, SRR 1 X LT
P 22 [ 5 MU 3 il — I EL T PR D A ARk




2019/5/15 11

R RS HIEZE

i (Color )4k

A

hde . OlivafiTorralbaffrizgistE{& £ BYHE

Natural scenes 9) X f —(f)

E[A(f.6)

0dchp” "

ﬂ BT X
.. Wi NS
%ﬁ? 1 B R

SN BURBAT IR, KA BEHUEAL e s oo s e
Wf@i%ﬁﬁﬂﬂﬂEﬁﬁﬁiiﬁféﬁﬁﬁﬂ€%zﬁlﬁu)\Eﬂ o sk wbecdeadk. i

S ® - ¢ =
(P NENEESEIRENS I . S,
4 » O
H /e Man-made Portrait Indoor Street High City-view Highway
object scene building

Oliva, A. and A. Torralba (2001). "Modeling the Shape of the Scene: A Holistic Representation
of the Spatial Envelope." International Journal of Computer Vision 42(3).
2015.05 Google cited: 3020
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3. Dark Channel Prior

The dark channel prior is based on the following obser-
vation on haze-free outdoor images: in most of the non-sky Figure 3. Top: example images in our hgz¢~free image database.
patches, at least one color channel has very low intensity at Bottom: the corresponding dark charfnels. Right: a haze image
some pixels. In other words, the minimum intensity in such and its dark channel.

a patch should has a very low value. Formally, for an image

J. we define e ‘ ‘
Jda'rk _ . . Je 5 ﬁ H/J R }:IL r @}
R S P P S

where .J¢ is a color channel of J and €2(x) is a local patch

centered at x. Our observation says that except for the K. He, J. Sun, and X. Tang, " Single Image Haze Removal
sky region, the intensity of .J%"* is low and tends to be Using Dark Channel Prior " CVPR, 2009.

zero, if J is a haze-free outdoor image. We call .J9"* the

dark channel of J, and we call the above statistical obser-

vation or knowledge the dark channel prior.
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JUF(x) = min ( min (J° e - vuidng
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R. Zabih and J. Woodfill, “Non-parametric Local Transforms for Computing Visual Correspondence” , ECCV 1994
2015.05 Google cited :1081
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CENTRIST: A Visual Descriptor for Scene Categorization
Jianxin Wu and James M. Rehg 2015.05 Google cited: 278
IEEE Transactions on Pattern Analysis and Machine Intelligence, 33(8), 2011: pp. 1489-1501.

MCENTRIST: A Multi-channel Feature Generation Mechanism for Scene Categorization
Yang Xiao, Jianxin Wu and Junsong Yuan
IEEE Transactions on Image Processing, 23(2), 2014: pp. 823-836.

http://cs.nju.edu.cn/wujx/projectsfmCENTRIST/mCENTRIST.html
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i > & http://tel.archives-ouvertes.fr/docs/00/39/03/03/PDF/NavneetDalal Thesis.pdf
J i ) , S Histogram of Oriented Gradient, Navneet Dalal and Bill Triggs, CVPR 2005
httE) /llear.inrialpes.fr/people/trig s/pubs/DaIaI cvpr05.pdf 2015.05 google cited: 11065

HOG: Hlstogram of Oriented Gradient

Input image
~¢— Detection window

Normalise gamma & colour

Compute ‘gradients

Cell —»

Accumulate weighted votes
for gradient orientation over
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Wavelet Descriptors
Scale Space
Autoregressive
Elastic Matching

Pseudo-Zernike Moments
Legendre Moments
Generic Fourier Descriptor
Grid Method
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Structural Global Global Structural
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Chain Code Perimeter Area Convex Hull
Polygon Compactness Euler Number Media Axis
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Invariants Shape Signature Geometric Moments
Hausdoff Distance Zernike Moments

Review of shape representation andd escription techniques, Pattern Recognition, 2004

2015.05 Google cited: 1341
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shape context

Fig. 3. Shape context. (a) a character shape; (b) edge image of (a); (c) a point p on shape (a) and all the vectors started from p; (d) the
log-polar histogram of the vectors in (c), the histogram is the context of point p; (e) the context map of shape (a), each row of the context
map is the flattened histogram of each point context, the number of rows is the number of sampled points. (reprinted from [10]).
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(b)

Fig. 10. (a) An original shape in polar space; (b) polar-raster sampled image plotted in Cartesian space.
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Scale-invariant feature transform (SIFT)

David G. Lowe
Computer Science Department
2366 Main Mall
University of British Columbia
Vancouver, B.C., V6T 1Z4,
Canada
E-mail: lowe@cs.ubc.ca

19994FBritish Columbia K& K. 54 (David G. Lowe) #FIZL4E fHAE
HI2E T AL BREORMIRHERI iZ, FFIERRE 7 —fpEE T REZRA. X
BUSRErid. ekt 5 200 5 2 B AR FEA MR B & R A E IR B —SIFT
CREAERHEAER) , ZpSFIEFE2004FHM AT E .
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SIFT
—HERIRESE]
the scale space of an image is defined as a function, L(X, Yy, o),
L(r,y,0)=G(xr,y,0)*xI(x,vy)

where * IS the convolution operation in X and y, and

G@;%g):,glj ~(@+)/200 ¢ Gy BRI
o To=
R RE 22 A B A FEAR 2 7R RIS B AN IRAE A | A — A

A RIZHIZ AL, ﬁiﬁi@ SR ANLE S EXEEFNERNIIIN
FER RN A, IRy 51k AT ROEE =5 [a) ERe R 3 B, JF
PLiz R ERAE N — MRt &, SElia S, A RAssill AAS [5]
HER B RFIE SRS .
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SHTE S REZE (DOG scale-space)

difference-of-Gaussian function convolved with the image, D(X, y, o)
D(xv,y,0) = (G(r.y, ko) —G(x,y,0))*1(r.y)
= L(r,y.ko)— L(x,y,0).

P i T 5 Iy V2G
o7 3R = W 511 (Laplacian of Gaussian, LOG)i#H4T 1 S A — B ik 4y
DOGIE Ll 2 REIH—4LHILOG: G(x, Y, ko) - G(X, Y, 6) = (k-1)o 2V2G

w— Laplacian
— DoG

-1 0

v S0z A S R R B 2 o ) BR AR
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Orientation a55|gnment

HIT I 25 GRS I H B AR AIE A ) R 8] il — SR8 S (Keypoint)

A SIFT keypoint is a circular image region with an orientation.

[N S (Keypoint) H=0UER: &, RE. A

It is described by a geometric frame of four parameters: the keypoint center
coordinates x and y, its scale (the radius of the region), and its orientation (an
angle expressed in radians).

image

F R | :
DL 5 A L PR AR A B 1 Y S .
R, R E RS ARG £
BRIE T IR . Fof R B 7 PRIV FE A2
0~360F, HHP&R10E—1H,
MAL36ME . B B RIS AR
Tz S AN SRR R T
7], BUAE NiZ I S i 7 A .

Picture Source http://www.vlfeat.org/api/sift.html

\ B

SIFT keypoints are circular image regions with an orientation.
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SIFTHE1RF
SIFT descriptor

s T i s v e
2% | 2R | K| R ¥ (descriptor) , H—4H &KX
e A?%ﬁ 5?53175&5!% 1§£§T5ﬁ%$¢§£
-, e RSO, BEIR AR, WA A

| | R AR AME AR E, e
e | EORHE U BN HA ST AR R A

@ Keypoint

N
o
¥
—
R
)

1o AR B Jie e B T SR B =111
17718, Lowe@@ XA E“k ;‘é
5 B R R EE A (] =N

\
X
"
—
¥

N A4 TR B L8 ===
/\ﬁmﬁﬁ*ﬁg}__{m%, ;ZE e | 1 AT e / ) .
4x4%x8=1282f [n) E AL NECH 22 ?!<
LN i
~—_ —

Image gradients Keypoint descriptor
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1. Detection of scale-space extreme #4) 2 JX & =5[]
IJ\glﬂ:lz ; SI FT },_% fgi 2. Accurate keypoint localization 4 f 6l
3. Orientation assignment f& & /7 7]
4. The local image descriptor & & &% ik T

-
>
=
Q
|
~
s
=
o
Q
|
t~
=
=
.

Scale

( >¥3
o, | E——e
y—

ANAN

Scale ) Scale
AT (first

octave)

~

X « »¥ )

U => Feature vector (128)
B SERHEANE . B ERE SR A OENE I B BR TC I HE R SR BURRAE

Difference of
Gaussian (DOG)

Y

SIFT keypoints are circular image regions with an orientation.
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INGS . SIFT Z IR BY4FERE M B X

T EAS W M Ak 11201545 A Google cited 7 it Binary (faster, real time)

Alexandre Alahi, Raphael Ortiz, Pierre Vandergheynst: 'FREAK: Fast Retina Keypoint', 7
CVPR 2012 Google cited: 462

Rublee, E., Rabaud, V., Konolige, K., and Bradski, G.: ‘ORB: An efficient alternative to
SIFT or SURF’. ICCV 2011 Google cited: 1037

Leutenegger, S., Chli, M., and Siegwart, R.Y.: ‘BRISK: Binary Robust Invariant Scalable
Keypoints’, ICCV, 2011 Google cited: 666

Calonder, M., Lepetit, V., Strecha, C., and Fua, P.: ‘BRIEF: Binary Robust Independent
Elementary Features’, ECCV 2010 Google cited: 972 -
Bay, H., Tuytelaars, T., and Gool, L.V.: 'SURF: Speeded Up Robust Features', ECCV, 7
2006 Google cited: 5428

Lowe, D.G.: ‘Distinctive Image Features from Scale-Invariant Keypoints’, -
International Journal of Computer Vision, 2004 Google cited: 29656

Lowe, D.G.: ‘Object recognition from local scale-invariant features” . ICCV 1999 |
Google cited: 9366

Traditional (slower, accurate)
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>=F DescriptorB9 T B 5 ?

http://www.cv-foundation.org/openaccess/CVPR2015.py 147

« Heat Diffusion Over Weighted Manifolds: A New Descriptor for Textured 3D Non-Rigid
Shapes

» Nested Motion Descriptors

» Supervised Descriptor Learning for Multi-Output Regression

» DeepShape: Deep Learned Shape Descriptor for 3D Shape Matching and Retrieval

* Robust Image Alignment With Multiple Feature Descriptors and Matching-Guided
Neighborhoods

« DASC: Dense Adaptive Self-Correlation Descriptor for Multi-Modal and Multi-Spectral
Correspondence

« 3D Deep Shape Descriptor

« BOLD - Binary Online Learned Descriptor For Efficient Image Matching

» Learning Descriptors for Object Recognition and 3D Pose Estimation

» Descriptor Free Visual Indoor Localization With Line Segments

» Shape-Tailored Local Descriptors and Their Application to Segmentation and Tracking

» Action Recognition With Trajectory-Pooled Deep-Convolutional Descriptors

» Domain-Size Pooling in Local Descriptors: DSP-SIFT

« A Maximum Entropy Feature Descriptor for Age Invariant Face Recognition

FZRHFAEIZ % i B AR I Ry ik
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RO RNEERE

M ICA 2> BBy
mﬁM%@¢ﬁméﬁﬁﬁ?
- PUERFIE. SUHAFE. JEAREFE
- fna] AR A SR BRURy BB AL 2
- SIFT: Scale-invariant feature transform
BRI R LA K BT B
- Low-level Modelling
- Semantic Modelling
- Sparse Coding
- Deep learning
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& RNAA RGBS
Input image
Low-level Modelling Semantic Modelling

Y 3\

Objects Concepts  Properties

/' \

Global Sub-Blocks

ruggedness

naturalness

Bosch, A., et al. (2006). "A review: Which is the best way to organize/classify images by content” Image and Vision Computing.
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1B X BRI
Semantic Objects

B XCHFR:
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- (EEME 7
LN

X LE J5)

2 g f R

E:PTIJE’ 7|Y

1]

2019/5/15 48

L BT 00571
X Im

I

1Rl o 224 45 0 3 XA ic

TERAE (AL K%, B |, BUEfE

A L 4 BT 42K



ERRRSHIEEZTE

1B XA
Semantic Concepts

W SOBE Ry s XERTTIAM FITE B
?ﬁ)ﬁ T RS BORFE S BR AT

AR RN gl N, A PLAERA)
gzl =115 17 7 VI A R 1

2019/5/15

49

w] [l 1Y) Jr Pl i i

=B &S IR iibul

ZRHIES &)

- BEAh,  RXISTTVEIFF AU T HTUE

=i

AR E], M

WL IR TR RN . RIRTTIEE Gt

ARHTET “IRICAE” (bag-of-words) 712254,

17 JE 45 N F T S B U ISy “HFIEAR”

(bag-of-features) 7712,
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B EMRE
Semantic Properties

)U%‘f%: XR TS FRPRE VERE TR ERBK
%ﬁg, 5 XEJ%%K%’E Hﬁ%%?}%\]iﬁ% icgiz, /yﬁ%ﬂ%%
ﬁ%@ﬁﬁ Ve SR

KT L Oliva Al Torralba 7 13718 B AR A AR

%% Oliva #11 Torralba [Oliva, A. and A. Torralba (2001). " ‘Modeling
the Shape of the Scene: A Holistic Representatlon of the Spatial Envelope.'

International Journal of Computervlsmn 2(3).1 Tmﬁﬂﬁﬁiﬁﬁw/\ﬁlﬁﬁ
”Tﬁﬁﬁ‘i‘@ﬂ%ﬁ rE|, AT REEY H*ﬂzxﬂhﬁ
ITAREHE, 4@%%% ﬁﬁ%m%R%K,MZﬁ

ﬂZ@,% (Spatial Envelope) . CALTE SR

SRFEE . JEIRE. RRERE. JR TR ASUR S , 492 Voot

P2 a?%/\ﬁtjﬁg 48, IrERFE4EM A SRR T
— 37 5 1) 32 B I A A
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RO RNEERE

M ARG K> BB
mﬁM%@¢ﬁméﬁﬁﬁ?
- PNEEFIE . SUEFFE. TEAREFAIE
- e R R SRR R AL ?
- SIFT: Scale-invariant feature transform
BB 2R R LA R T B
- Low-level Modelling
- Semantic Modelling
- Sparse Coding
- Deep learning
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Ml 2mAY
T8 Sparse coding (Olshausen & Field,1996)

19964FE-Cornell K 27U 3 2 5E fBrunofENature &R 7 — 84 5. “emergence of
simple-cell receptive fieldproperties by learning a sparse code for nature images” &, K
T e YHIRT L BN A A7) 22 AR e 1) 7 B0 P 1 e sz B B A S R B Ve . O A (FF
ANFERET, WNAFRSEWEAEFEMN , FA/NRRE R RB EG — e AR,
Input: Images xM, x@, ... x(M (each in R"x")

Learn: Dictionary of bases f,, f,, ..., f, (also R"*"), so that each

Input X can be approximately decomposed as:
k

X~ Z a;@; s.t. &’s are mostly zero (“sparse”)
j=1

Bruno Olshausen# David Field |48 1R 2 2 9 Ko e, MaXeeia b, $2ECH 400
ANINEER, BRI RE R IR SN 16x16 1§ &, APiEIR400M 1 Frich S[i, i =
0,.399, ¥ K, HMNXEEAXGERE Y, BEISEE S —MR, RSTHE 16x16
%=, AU FRICHN To AT H B R R, 4 X400, IR —
A, SIK], @B Irk, Gt —AeEE R, XAFE R, N5
P HARE R T, RATREAH L, [FIRF, S[K] MEE/R AT aeb .

http://ufldl.stanford.edu/eccv10-tutorial/
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Wi mhs
SN N Learned bases (T, fe): “Edges”

Natural Images

.I_I

Test example

x ~08* ¢ +03* ¢, +05%

[0,0,...,0,0.8,0,....0,0.3,0,...,0,0.5,..] Compact & easily

= [a;, ..., agq] (feature representation) Interpretable
http://ufldl.stanford.edu/eccv10-tutorial/
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Wi mhs
HgER =5

Represent as: [0, O, ...,0,0.6,0,....0, 0 8 0,...,0,04,..]

Represent as: [0, O, 0, 1.3,0,....0,0. 9 0,..00.3, ...

.I_I

» Method hypothesizes that edge-like patches are the most “basic” elements of
a scene, and represents an image in terms of the edges that appear in it.

 Use to obtain a more compact, higher-level representation of the scene than

pixels.
http://ufldl.stanford.edu/eccv10-tutorial/
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Dictionary of bases ¢, learned for speech

4
- - AN e M Wi ) ':4".
\‘I A
't ' )
| .. N | ) ' AN “ i
S| 1o St (A e I s VAVAY - 4
(Y " v t ] \
3
A\ . -~ . ~ :
A\ \ A A I\ J n
" ‘ \/ -f'm — o e TRTA S / v
Yy V v ¥ Y

RANTEI, MUEEAAEZIN AR, 5
WARLE . ABATIAARFREERI P & ORI 1 207
FRI R F i, HARR) & AR IZX 207
FEAR GG B

Deep Learning (JREE:2]) ) 0 B 1 7]
http://blog.csdn.net/zouxy09/article/details/8775488

2019/5/15
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Sparse coding

‘Feature

- Harris detector. salient region
detector...

‘Descriptor

- SIFT. color moment

-Code

AEZ AR ARSI R 2 —

IMvector; 2515 3| Codebook:

&~ descriptor A% AS H [
codeZK /N H K

Feature vector[ @ Q O O 1

Con atenatlng

.7

Poollng

f ke /.° >/
Jo e )

Codmg

it
LIS

Feature Extractlon
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Coding & Pooling
/= CodingFAPoolingBY 4544

Coding: nonlinear mapping data into another feature space
Pooling: obtain histogram

Input Image X

Output Labels

W

|
:
[}
L= N
et
‘s
{ ‘ ‘

Local Gradients Pooling VQ Coding  Average Pooling SVM
\ ) (obtain histogram)

1

e.g, SIFT, HOG

i v vt v N ) o £

068 EAne u +—4
FRr et | 4

e g e 1 I e e e e

Sha’ DOGE Bnre Tane
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% _JKCOd i ng+p00| i ng K. Grauman and T. Darrell. Pyramid match kernels:

Discriminative classification with sets of image

T2 2PM(pyramid matching) ? " e

WXL Y NA4EE S T ) s sets of vectors) o BHSNAE A T8 R 43 AN [H]
PREEO, ..., L, fEREITREZ A R —4E k] 2 cells, , A4 d4EM1)4T
TEZ 0] g e R H 29 binse A H ! AT H A REEII XY BT E 7K, WH, ()1
HJO)AXS Y A S NFicellBH . A4 R EEE LD 5 AN 50 v) 8@
o EH 5 AR A R K

D
= T(H%, Hy) me HS (i) (1))
i=1
AR (DI KR binAT 147, T ARG, RN R B 2
Match’E S match 38 & I' — 1%L, [=0, ..., L-1. A B BEE T Fmatch 3R

?KEVFRE BARKRPERIACE /N, T/ RBEIACE R, BRIE S N
(2% f#%, W REEILBCHIREE € XA (Blpyramid match kernel) :

L—1
. 1 - N
OOY) = T Y g (BT AR R B U
we can implement KL as a single histogram
intersection of “long” vectors formed by
— _IU + Z 2L —Z concatenating the appropriately weighted
histograms of all channels at all resolutions
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28— Ecoding+pooling PM(pyramid matching)
AEIRE THHERITE REE

pin(H{(y), Hi(2)

I I —

min(H,(y), H, (2))

H,(@) =
[

min(H,(y), H,(2)

(a) Point sets (b) Histogram pyramids (¢) Intersections

K. Grauman and T. Darrell. Pyramid match kernels:
Discriminative classification with sets of image
features. In Proc. ICCV, 2005.
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Coding & Pooling

.* VN f s P b1s- B, 9({‘]’17&1&1) P
¥ M |1 ' | )
{m’ﬂ}n& N I | | I I . {(tﬁn,}né.’\"q ];G..-eea E_ v 1qu 1’{;2 Ly
| ] e ({lI)Kn};:"l) —_—> | h
'*' *’ g=1 Kg o|— < » q=1 'lf’Q
image  ,q—p descriptors to ¢=2  "pooling acts on rows of q=2 concatenation
descriptors mid-level features \a¢-¢ mid-level feature matrix® ;- A andanorm
(a) (b) (c) (d)

Fig. 1. Overview of Bag-of-Words showing mid-level coding and pooling steps. (a) |A| local descriptors of dimension D are extracted from an image. (b) Mid-level coding
embeds the descriptors into the visual vocabulary space using K visual words from dictionary M. Circles of various sizes illustrate values of mid-level coefficients. (¢) Mid-
level features of partition q are stacked. Next, pooling aggregates the values along rows and forms a single vector per spatial partition. (d) Vectors from all partitions are

concatenated and normalised to form signature h.

« mid-level coding: embed local descriptors into the visual vocabulary space.
« Pooling: aggregate mid-level features into vectors.
* pooling H K324 T IRFFIRMAZNE ek, PR Mga5s) , % H
)45 mean-pooling, max-pooling#1Stochastic-pooling=Fi
« poolingf) &5 R —ALAHFFIERD, S .

Comparison of Mid-Level Feature Coding Approaches And Pooling Strategies in Visual Concept Detection
P. Koniusz, F. Yan, K. Mikolajczyk
CVIU, 117(5):479-492, 2013
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Coding: FERHIARE -

@ Hard voting (EFRvector quantization, VQ)

Cleach descriptor is represented by its nearest code

Lazebnik, S., C. Schmid and J. Ponce (2006). "Beyond Bags of Features: Spatial
Pyramid Matching for Recognizing Natural Scene Categories." CVPR.

@ soft voting

Cla descriptor is represented by multiple codes

Yang, J., K. Yu, Y. Gong and T. Huang (2009). "Linear Spatial Pyramid Matching
Using Sparse Coding for Image Classification." CVPR.

@® Reconstruction based method

Clsparse coding: chooses a group of codes to reconstruct a descriptors

plus a constraint to the number of codes.

Wang, J., J. Yang, K. Yu, F. Lv, T. Huang and Y. Gong (2010). "Locality-constrained
Linear Coding for Image Classification."

input: x; O
-
¥ PO O
_— oY -
O w)
codebook: B={b} -1, codebook: B={b}} |1, m

VQ SC EEC
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Coding: =FhEBIEAIE{RSLIR

X: D-dimensional local descriptor

X = [X1,X2, ...,XNW -
B: a codebook with M entries

B = [bhbgj...,bﬂﬂ c RPxM

RISl
V =argmin ||z — VBT||s + A Y [|vi]] @ «— locality constraint
i
M

RDXN

s.t. Z’U =1 V =argmin ||z — VBT ||y + \||V]]1
1 M
sit. Y v =1
i

* fE£Codebook & H —-Code
¢ ﬁﬁ@odebookﬁljﬁﬁCodeé)ﬂg‘fiéﬂé\ 1, if i = arg Hlill(H;L‘ _ ij2)
» JirifCodebook ™ ] T £ M4 A 1Y v; = j

Codejii /& 2R T P 0, otherwise
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Coding: NEIEIMGIERNER (A FEPoolingdy
=5

Table 1. Image classification results on Caltech-101 dataset

training images| 35 10 15 20 25 30
Zhang [25] |46.6 558 59.1 620 - 66.20
Hard voting =  Lazebnik [15] | - - 5640 - - 64.60
Griffin [I1] | 442 545 59.0 633 658 67.60
Boiman [2] | - - 6500 - - 7040
Jain [12] - - 6100 - - 6910
Gemert [8] - - - - - 64.16
Hard voting =  Yang [22] - - 6700 - - 7320
locality = Ours 51.15 59.77 65.43 67.74 70.16 73.44

Table 2. Image classification results using Caltech-256 dataset

training images 15 30 45 60
Grifin [I11] | 2830 3410 - :
Gemert [8] - 27.17 - -
Hard voting = Yang [22] | 27.73 34.02 3746 40.14
locality > Ours 3436 4119 4531 47.68
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A Y ~

PoolinghV's® A 574

Comparison of Mid-Level Feature Coding Approaches And Pooling Strategies in Visual Concept Detection
P. Koniusz, F. Yan, K. Mikolajczyk  CVIU, 117(5):479-492, 2013

Il"-'-’m'ﬂ"fl f _(i]l?"”-qb.-\"-_ l_ﬁlr“\(.b,'t"q_ g({d)]_ﬂ}?’fiq]) b
{:En}n&N J[}I | ‘ I I ‘ — : {qb-n,}ngﬁ.fq 16'0'9'9 . \
— » 7 — [l
. [ _ - @ ® O |
M —p descriptors to ¢=2  pooling acts on rows of _
mid-level features \a¢-¢ Mmid-level feature matrix® 2o W
1 64r
L — O
’Ijk |J"\|’I Zr kn
e 62}
- - [~ —
X I I I
Ui = Max ({ Pin fpen) n 60f 5 & 5
<C 0, 0, 0, Q, oF oF
=l el | alEE el |l )l
1 R . . -
1 P 58 s[5 121 E| 2] | =[RS ENR] || I%I[E] Bl
Wy FZ|¢kn‘P of| ol X||o|| <] |cl|a|{X||3|| | |<||c||X||T|]|c
N < LUELE(=]0]1=] [=][=][=][e][=] [=]|=]|=]]9]]=
nenN 1 1 1
scc SPM DoPM
1 ¥ Figure 2: Evaluation of SCC, SPM, and DoPM schemes on the Pascal VOC07
Wy —-z(pkn set given Max-pooling, MaxExp, AxMin, Gamma, and MaxExp@n = 7. The
N &= dictionary sizes are 40000, 32000, and 24000 atoms for SCC, SPM, and DoPM.
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RO RNEERE

M ARG K> BB
mﬁM%@¢ﬁméﬁﬁﬁ?
- PNEEFIE . SUEFFE. TEAREFAIE
- e R R SRR R AL ?
- SIFT: Scale-invariant feature transform
BB 2R R LA R T B
- Low-level Modelling
- Semantic Modelling
- Sparse Coding
- Deep learning
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B {GR Rl TuB A AR

”'uﬂ¥Evbiil.lliﬁﬁﬂﬂﬂ\l%§a%IGZ= Ch  HeoBiom

2%, 2010
4%, 2011

1l e
lh@%ltlﬂﬁdﬂ-liﬂ*lﬂﬂLl'ﬂ&cgIIﬂ'!E‘I°IWII
1INHEBHIHEHDBBIIII¢HmllilliII"I \BIESEDUR _

\WFia TS AR ARG - ¥ O vEISOE ol RS - i B | 8500. 2012
S FPEPE IeRiElessceeESNNRERE TEERFERERECH R 2 1
UL =T el S TR 2 SR AR I FAT e - [
N SRR ORI R
- ma-Qy H A1 EigS . (7] | Mk / =
RvBAIOBIE N WA I 7UINA i | -~ Fc HeogfIT\ / ; 89%, 2013
wo | =R/ Y EEND o EEr e baeEEEMD R ~SEEE s
R R S AT

(5] e raee ST LT

93%, 2014

(]

1000 object class

slfioE~: (RE. 'l BEE2-8 R i i T R v £
SEHEEC e S - SREANNED - nlinE ez NS
will l!lﬂ&lmlﬁﬁﬂﬁﬂ!!!ﬁﬂl;ﬁlahawulii1Iiuuun_
PR e e e 0
0 £ ala
9590, 2015

RENEEsR FMelel-vERLLEOE /23> Tm@un:igaq [l

ImageNet Challenge
http://www.image-net.org/ Imagenet Large Scale Visual Recognition Challenge (ILSVRC)

This challenge evaluates algorithms for object detection and image classification at large scale.
2017: Object localization for 1000 categories.

Object detection for 200 fully labeled categories.

Object detection from video for 30 fully labeled categories.



http://www.image-net.org/

SNBSS 2019/5/15 67

ILSVRC(ImageNet Large Scale Visual Recognition Challenge)
ImageNet/h F=FERl

2017 IMJAGENET

|. Object localization for 1000 categories.
11.ODbject detection for 200 fully labeled categories.
111.0bject detection from video for 30 fully labeled categories.

- 2016
|. Object localization for 1000 categories.
11.ODbject detection for 200 fully labeled categories.
111.0Dbject detection from video for 30 fully labeled categories.
I\V.Scene classification for 365 scene categories
V.Scene parsingNew for 150 stuff and discrete object categories
- 2015
- Main competitions: I: Object detection 1I: Object localization
- Taster competitions: |: Object detection from video IlI: Scene classification
- 2014, 2013, 2012, 2011, 2010
- Task 1: Detection
- Task 2: Classification and localization
- Task 3: Fine-grained classification [1X2012]
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ImageNet Large Scale Visual Recognition Challenge results

100%
wrong
152 layers
A
\
\
\
\
\
75 o \
In the competition’s first year « »
— teams had varying success. | 22layers
Every team got at least 25% ‘\ 6.7
wrong.
3 57
In 2012, the team to first use
deep learning was the only , ,
50 team to get their error rate ILSVRC'15  ILSVRC'14
below 25%. ResNet GoogleNet
The following year
nearly every team got
25% or fewer wrong.
(¢}
25 °
In2017, 29 of 38
teams got less than
° 5% wrong.
o
o
r @ o o]
perrect

N
Y
wn
<y
(@)
—_
~.

10 11 12 13 14

25.8
16.4
19 Iayers \ I
. 8 layers » 8 layers ] \ shallow i
."“.—~—- i
ILSVRC'14  ILSVRC'13  ILSVRC'12  ILSVRC'11  ILSVRC'10
VGG AlexNet

ILSVRC/Jj Ji jieb 18 L 1T
https://blog.csdn.net/kangroger/article/details/56522132

#Deep Learning[Fliji# LeNet. AlexNet. GooglLeNet. VGG.
ResNet

https://zhuanlan.zhihu.com/p/22094600
https://qz.com/1034972/the-data-that-changed-the-direction-of-ai-
research-and-possibly-the-world/
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AlexNet. VGG, GoogleNet,

BRI 47 AlexNet VGG
L] 2012 2014
25 8 19
Top-54 1% 16.4% 7.3%
Data Augmentation + +
Inception(NIN) — =
GIREE 5 16
ST NN 11,5,3 3
EIERE 3 3
EIERR R KN 4096,4096,1000 4096,4096,1000
Dropout + +
Local Response Normalization + —

Batch Normalization — —

https://www.cnblogs.com/52machinelearning/p/5821591.html

2019/5/15 69

ResNetXFEE
GooglLeNet ResNet
2014 2015
22 152
6.7% 3.57%
+ +
+ —
21 151
7,135 7,135
1 1
1000 1000
+ +
+ —
— +
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%*R}Hﬂ g-:xl: IX_XJ gﬁ. ::r:wr;tr(?\;gg obS; ?_(te)é/:uF r:J,kIlBJ(S)?ticr)Tlf1 Ii3ner113 i800and Haffner in 1998
Convolutional Neural Networks (CNN)

A Convolutional Neural Network (CNN) is comprised of one or more convolutional
layers (often with a subsampling step) and then followed by one or more fully
connected layers as in a standard multilayer neural network.

C3: f. maps 16@10x10
INPUT C1: feature maps S4: f. maps 16@5x5

6@28x28
32x32 @28x S2: f. maps
6@14x14 ™
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Gradient Based Learning Applied to Document Recognition ,  Yann LeCunZ%, 1998 2015.05 Google cited: 3313
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ILSVRC 2012 o |
Imagenet classification with deep convolutional neural networks

AI EXNet A Krizhevsky, | Sutskever, GE Hinton - Advances in neural ..., 2012 - papers.nips.cc
We trained a large, deep convolutional neural network to classify the 1.3 million high-
resolution images in the LSWRC-2010 ImageMet training set into the 1000 different classes.

On the test data, we achieved top-1 and top-5 error rates of 39.7% and 18.9\% which is
considerably better than the previous state-of-the-art results. The neural network, which has
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https://zhuanlan.zhihu.com/p/22094600
https://ww.cnblogs.com/52machinelearning/p/5821591.html
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ILSVRC 2013
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Visualizing and Understanding Convolutional Networks
https://arxiv.org/pdf/1311.2901.pdf
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ILSVRC 2014
GooglelLeNet

GoogLeNet, Top5 )R R [FK 26.67%. — 1222 BRI 45

type p“:tmﬂ;ew D‘;T;“ depth | #1x1 ii:; #3%3 iz:j HEX5 x:: params | ops

comvolution THT/2 112x 112 =64 1 27K 34M
max pool w32 G656 w64 0

comvolution Ixdf1 6 Bhx 192 2 ot 192 I 12K JaimM
max pool Ix 3,2 2B 28 192 0

inception (3a) 28 28x 256 2 i 06 128 16 3z iz 159K 128M
inception {3h) 28w 28 480 2 128 128 192 32 a6 4 IB0K MM
max pool Ixdf2 14 14 480 0

inception (4a) 14x 14x 512 2 192 il 208 16 48 fd 3K 73iM
inception {4h) 14x 14512 2 160 112 2124 24 a4 4 437K 2EM
inception (4c) 14x 14 512 2 128 128 256 24 a4 £ 463K 100M
inception {4d) 14w 14 528 2 112 144 288 32 a4 4 580K 119M
inception {4e) 14 14 832 2 236 160 320 32 128 128 B40K 1700
max pool Ix3/2 Tx Tw 832 0

inception {5a) Tx TxB32 2 236 160 320 32 128 128 1072K 54M
inception (3h) T T 1024 2 384 192 KLE 48 128 128 388K TIM
avg pool T/ w1 1024 0

dropout (20%) 1x 121024 0

linzar 1 1% 1000 1 1 0K IM

softmax 12 121000 0

Going deeper with convolutions  http://arxiv.org/pdf/1409.4842v1.pdf
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I L SV R C 2 O 1 4 A — CongNet Confi éurca:ltion = .

11 weight | 11 weight | 13 weight 16 weight 16 weight 19 weight
VG G N et layers layers layers layers layers layers
input (224 x 224 RGB image)
VGGNet2Oxford K= H K, H conv3-64 | conv3-64 | conv3-64 | conv3-64 | conv3-64 | conv3-64

E/(] T\EILZ Eﬂ: 7’3 ‘];T% E X ﬂ_ /\;’é @:{ IX—XJ é% E](J ,Ez U[ﬂ LRN conv3-6;axpo<(:)(l)nv3-64 conv3-64 conv3-64
5T EAL R g 3| NP conv3-128 [ conv3-128 | conv3-128 | conv3-128 | conv3-128 | conv3-128

- fF A B I3X3EFR, ArEE

" . N . conv3-128 | conv3-128 | conv3-128 | conv3-128

%%/E\I}% ’ %Eééﬁé@jrﬁ\ Yﬂ_j/f/t maxpool

. softmax, f%lﬁ %[J iﬁ*ﬁ Hj ;lé %U *E% % . conv3-256 | conv3-256 | conv3-256 | conv3-256 | conv3-256 | conv3-256

conv3-256 | conv3-256 | conv3-256 | conv3-256 | conv3-256 | conv3-256
convl-256 | conv3-256 | conv3-256

o < top-1 top-5

conv3-256
maxpool
225 conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512
conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512
B convl-512 | conv3-512 | conv3-512
oK conv3-512
maxpool
75 conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512
conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512
convl-512 | conv3-512 | conv3-512
’ A ALRN B C1 C2 C3 D1 D2 D3 E1 E2E3 conv3-512
maxpool
. FC-4096
VGGNETH A6 A RS E , FC-4006
G NAE, EENILEIL; HA o
LR ZERdepth, M—FFIR 1643
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https://blog.csdn.net/qq_31531635/article/details/71170861 Number of parameters 133 133 134 138 144
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http://arxiv.org/pdf/1512.03385.pdf , iooo
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“AlexNet”

“GoogLeNet”

[Krizhevsky et al. NIPS 2012] [Szegedy et al. CVPR 2015]

http://image-net.org/challenges/LSVRC/2016/results

“VGG Net”
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ILSVRC 2017

SENet Momenta & Oxforg ~ Sdueeze-and-Excitationfitiit
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ILSVRC 2016 Winner 2.991 SE-Inception Module SE-ResNet Module
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83K : ILSVRC

Localization Results (LOC) Classification Results (CLS)
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http://image-net.org/challenges/talks_2017/ILSVRC2017_overview.pdf
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83K : ILSVRC

- 2012: AlexNet
- 2013: ZFNet
- 2014: GoogleNet, VGGNet
- 2015: ResNet
- 2016
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Cormmon Objects in Context People Dataset- Tas

% Detection 2018

® Keypoints 2018
« We are pleased to announce the COCO 2018 Detection and Keypoint Cf & Siuff 2018
= This year we will also be hosting a new COCO Panoptic SegmentationC = u
« Results to be announced at the Joint COCO and Mapillary Recognition B~ o Panoptic 2018
» This website is now hosted on Github, which provides page source and h

News

[ & Detection 2017
What IS COCO‘? N T T R R -
COCO Challenge ﬂé/f’ﬁ&/ﬁg £ Keypoints 2017

A BB ImageNet B2 ¢ &
CE s}arc-gﬂ Dgf detection /fi % )FH Hﬁ ’ COCO EI:I EI/J q:% e
S;eg-ﬂen'.ation. Jalr‘.di o;pti-:;n;g d_a'.aset: ’TZIK*L\?IJIJ ’f{ﬂﬁﬂ\éif E]/J 7\%:[%}/!'?(
COCO has several features: f@ﬁﬁp EI:I EI/J tl:@/leg leJ gﬁ%»x‘j. IZEI
Onect segmeniaion e RO BRI (1A
cuperpsel st ssgmertation | CHIFT RN, SR L

0 - s -
330K images (>200K labeled) W) AT, R E R = Detection 2015
1.5 million object instances ﬁlzxj. IZEH%QEH A ﬁ%ﬁ% E]/J }E g Captioning 2015 .

80 object categories ’
i o

2o,

= Detection 2016
®* Keypoints 2016

(7

91 stuff categories
5 captions per image Larry Zitnick FAIR

250,000 people with keypoints Piotr Dollar FAIR http //COCOdataset Org/

CLLCCCCCS
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COCO 2018 Object Detection Task
COCO 2015 Image Captioning Task

The man at bat readies to swing at the A large bus sitting next to a very tall
pitch while the umpire looks on. building.

COCO 2018 Panoptic Segmentation Task

COCO 2018 Object Detection Task
COCO 2018 Keypoint Detection Task
COCO 2018 Stuff Segmentation Task
COCO 2018 Panoptic Segmentation Task
COCO 2015 Image Captioning Task
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COCO02017 Challenge Winners

https://places-coco2017.github.io/#winners

1st place 2nd place 3rd place 4th place
COCO Detection: Bounding Box | Megvii UCenter MSRA FAIR
COCO Detection: Segmentation | UCenter Megvii FAIR MSRA
COCO Keypoints Megvii Oks Bangbangren | —
COCO Stuff FAIR G-RMI Oxford —
Places Instance Segmentation Megvii G-RMI BlueSky —
Places Scene Parsing CASIA_IVA_JD | WinterlsComing | xdliang —

MSRA: Gt PN 7T B

Megvii : B it

UCenter: FFusrh S RKAAFE L A, AR 7T 51 20 31 [ BA
FAIR: Facebook Al Research

G-RMI: BB 5T P
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- Low-level Modelling
- Semantic Modelling
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- Sparse Coding

- Coding. Pooling
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Represent as: [0, 0, .. 0060 0080 004

- Deep Learning
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