Overview

o

eImportance of Features

Mathematical Notation & Background
eFourier Transform

*Windowed Fourier Transform
*Wavelets

eFeature Anecdote

eLiterature & Homework
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General Remarks

Classifier

Feature vector (X;, X, ,..., X,)

Feature Extraction

Photograph by MIT OCW.

“The cholice of features is more important
than the choice of the classifier.”
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General Remarks—Application specific

Traffic sign recognition
Color, shape (Hough transform)

Texture Recognition
DFT, WT

Action Recognition
Motion-based features

N )
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General Remarks

Is the choice of features really more important
than the choice of the classifier?

We know that a fly uses optical
flow features for navigation.

Still, technical systems using optical flow
for navigation are (far) behind
capabilities of a fly.

N )
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General Remarks—why talk about FT, WFT, WT?

o

Fourier Transform(FT), Windowed FT (WFT) and Wavelet
Transform (WT)

eused In many computer vision applications
ederivation from signal processing
basic tools for engineers

Other features:

color, motion features (optical flow),

gradient features, SIFT (orientation histograms),
affine invariant features,

steerable filters (overcomplete wavelets),

)
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Background—Notation

i Z,R,C Integers, real, complex \
H, L, L°(R) function spaces
| Norm
a+ jb| = Ja? +b? Absolute value
(f,g) Inner product
f(t) Complex conjugate
f (w) Fourier transform
cos 271wt + jsin 2wt = e’ Euler formula

N )
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Background—\Vector and Function Spaces

o

N
Vectors and Functions
T
u=[u,..,u]
f(n), nL[Zl
‘_ f(t), tL[R
//’—\ e
” J
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Background—Inner Product&Norm

Inner Product&Norm

wvy=Say, ol =(uu)

L7 norm: Jul, = Ju,|
(£ (n), g(n)) = Z Fmy gy [FMF=(f(n), f ()

(fm.00)= [Fooma [T =(f0, TO)
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Background—Function Spaces

Positivity:

Hermiticity:

Linearity: (f,cg+h)=c(f,g)+(f,h) forf,g,h

[t +g]<|f

L°(

Inner Product cont.

| f®>0forallf CH f 20

(f.9)=(0.f)

Triangle & Schwarz inequality

ol [(f.9)f=]f]g

forallf,g

R) Function space, finite energy

H={f:R-C|f[ = [ dt<oo]
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Background—Basis

Basis of a VVector and Function Space
{b,,....b,}is abasis of C" if CIC "

u= ZN:unbn, {u,,...,uy }is unique, u, = <b”,u>
n=1

{f,,.., f\}isabasis of Hif CglIH
g(t):ZN:Cn f,(t), {c,....Cy}is unique, c, =(f"(t),g(t))

g(t) = [§(w) T, (Vdw, §(w) is unique, §(w) = (1), g(t))

Orthonormal Basis
0 w#zw'

<fw,fw,>:{ f=1, g‘(a)):<fw,g>

1 w=w'

o
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Fourier Series—Continuous Signal

C, = jf(t)e T dt

f (t)
f (t)

!
-10

oy

———
T

periodic with period T
A([-T /2,7 12])

Continuous, periodic signal

T/2 — j 2kt

-T/2
j 27kt
sc=€ T (S.S), :lei
Ce = (S T)r Z‘ k‘
1 00 j2mkt
f():?k:_mcke T




Fourier Series—Examples

o
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Fourier Transform

o

Continuous signals, f (t) CCIR)

T 5 o
([-T/2T12]) - L*(R)
w, =k/T
1
Aw=aw,., —, :?
T/2 _ R 00 _
¢ = [ f@e™dt - f(w)= | f(t)e™dt
-T/2 —00

j2mkt 00

f(t) :% el =) c ey,
k=-0co k=-00

Toowf(t)= |f(w)e”™dw

—00

)
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Fourier Transform

o

Another look at the inverse Fourier transform

(0]

ft)= |

—00

= j j f(t)e 1@t dpdt =

—00 —00

j f(t)e 12 dt

—00

ej2/ra)tdw

wj f(t)o(t—t)dt

)
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Fourier Transform—Properties

i Linearity:  Af()+Bg(t) Af(w)+B§(w)
Shift: f(t-t,) e 17 f (w)
Convolution: | f(t)g(t-t)dt  f(w)G(w)
Derivative: % )27 f (w)
Scaling: £ (AD) 1z (ﬁj
| Al LA
Correlation: [ F(t)g(t+t)dt f(w)§(w)
Autocorrelation: jf_(t') ft+t)dt  |f(w) :
\_ —00

)
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Fourier Transform—~Plancherel&Parseval

o

N
Plancherel’s Theorem
[Iffdt= [|f] de
NI
] =1
Parseval ldentity
[fgdt=[fgdw
(f.0)=(.6)
J
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Fourier Transform—Examples

o

Time Frequency
2.2 2
e—tZ/(Zaz) o /277'6 2T 0 W

sin(77wT)

rect(t/T) T T

=T sinc(wT)

)
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Fourier Transform—Examples

4 R

Time Frequency

sin(277Qt :
2Q ( ):ZQsmc(ZQt) rect(w/(29Q))
27t
5 /oz\ o5 Joa ::5 s\ o7 /M\ 9 ::
\J -V )
Q

- J
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Fourier Transform—Sampling Theorem

-~

Ry
A
]

HE A |
:\
A

1
\
i)

1/(2@3

f (w) =0, for w>Q
)

f(t)= i sinc(2Qt —n) f (2

)
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Fourier Transform—Sampling Theorem

o

- N
f (w) =0, for W] >Q, f(t)= ) sinc(2Qt-n) f (%)

__n ~ N o _
=2 f( nZ:osmc(ZQ(t t.) f (t,)

expand f (w) Into a Fourier series:
Q

A 1 » A : %A :
flwy=—— ce ' ¢ = | f(we' ™ dw= | f(we'™dw= f(t
(@)=, n_i() _o[() (t,)
Inve?geFT ’
00 Q
f(t) = jf(w)ei”wtdwz jf(w)e””wtdw
—00 -Q
= LYt e =T te) L (e vde
-0 ZQ ZQ -Q

~
Inverse FT of rect function

=) sinc(2Q(t-t,)) f (t,) basis of bandlimited functions

n

)
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Fourier Series—Discrete Signals

o

N
Discrete Fourier Transform (DFT)
Discrete, periodic signal
N -1 —j2mkn
c. =) f(n)e N
n=0
1 N -1 j2mkn
f(n)==> c,e "
N =0
J
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Fourier Transform—Summary

4 ] N\
Time Frequency
Continuous, ) .
o Discrete
periodic FS |
Continuous | FT Continuous
\ J
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Fourier Transform—Summary

o

Time

Discrete, periodic

DFT

Frequency

Discrete, periodic

)
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Discrete Fourier Transform—Fast Fourier Transform

Decimation in Space

N-1 - j2mkn
=Y f(n)e M O(N?)
n=0
N/2-1 —i27k2n  N/2-1 —j2nk(2n+1)
= > f(2ne N + > f(@n+le N
n=0 n=0
N/2-1 —j2rkn —j2nk N/2-1 —j2rkn
= f(2n)e N2 +e N 7 f(2n+1)e N2
\n=0 . m& )
- j2mk —j2m(k+N/2)
e N =-e " = W, =W,y
N/2-1 —j2rmkn - N/2-1 —J27(k+N/2)n
> f@ne V2 = > f2ne N2 =l =CLy,
n=0 n=0
N/2-1 —j2mkn N/2-1 —j2m(k+N/2)n
f(2n+e N2 = f(2n+l)e N2 o C =CLys
\_ n=0 n=0 )
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Discrete Fourier Transform— Fast Fourier Transform

N
W, =Wy _ )
' C, = ¢, tW,C,
CE:CEN/Z ) O>OSk<N/2
N _
. . Ceenz = G ~W, G )
Ck - Ck+N/2
| Recursion:
N -1 — j2mkn
c, =Y f(n)e ° ¢ =8+
n=0
N -1 —J2mkn A — A€ A0
- C,=C C
ct =) f(2n)e * 170 ™0
"= | Complexity:
N -1 ~J2mn .
c’=) f(2n+le ® M /21d(M) Multiplications
n=0
| M Id(M Summations
N =N/2 O(N?/2) (M)
N Y
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Discrete Fourier Transform—Image Analysis

4 N
—j2mk,x  —j2mkyy
N e M
—j2mk,x | —i2mkyy
N e M
. rofessors Tomaso Poggio and y:0 [ x=0 —
Sayan Mukherjee. Used with permission.
M 1-D DFT’ .-
- S N
c(k,,y) = Z f(x,y)e
FOWS
M =1 —jZITkyy
- i —_ M
N 1-D DFT’s c(k,, y)_ c(k,,y)e
columns y=0
- J
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Discrete Fourier Transform—Image Analysis

o

Example

Fall 2004




Discrete Fourier Transform—Image Analysis

4 )
(B)
-Vertical edges
spectrum = Horizontal edges |
A B
(A) | . (B)
Amplitude of (A) &
Phase of (B)
\_ J

Fall 2004 Courtesy of Professors Tomaso Poggio and Sayan Mukherjee. Used with permission. Pattern Recognition for Vision



Discrete Fourier Transform—Image Analysis

o

Template Matching \
corr(x) = [ £(x)g(x =x)dx"  g'(x) = g(-x)
corr(x) = f [l = o]f(x')g'(x—x')dx' f(w)§'(w)
s
g(x)
corr(x

Fall 2004
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Discrete Fourier Transform—Image Analysis

Shape description with Fourier descriptors

S

Invariance:
eScale

eRotation
eTranslation

)

o

Fall 2004
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Discrete Fourier Transform—Image Analysis

Shape description with Fourier descriptors

Im
Re
) > 1
Im
t
P /\/\/
=Re :t

N )
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Windowed Fourier Transform—Motivation

4 N
Fourier transform of a chirp signal
2 —
cos(/rt?), w,.. =t
DT 6“
D?D- IZIIIZIE IZ||1 9'15 Uﬂlzh Eluj7_5 IZ||3 D|35 Elltl 01915 05 :
- J
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Windowed Fourier Transform

o

.
Windowed Fourier Transform (WFT)

f(w,t) = jf(u)g—(u—t)e-izmdu supp g (4T, 0]
f(u) = f(u)g(u-t) supp f, CITHT,t]
Fourier transform:  f (@, 1) = Ift(u)e‘jz”“’“du

g(u-t)

Fall 2004
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Windowed Fourier Transform—Time Frequency Symmetry

f(w,t) = j f (U)g(u-t)e 1™ du

substitute g(u —t)e/?™ by g, (u)
Parseval’s Identity

f(w,t) = jgm(u>f(u>du-<gm,f>—<@w,t,f>
6, 0) = [gu-ter e ™ du = [g(u-te =,
substitute_: "byu-t: E
jg(u e 12 gy = @ PO G (Y - w)

f(w,t) = eJZ”wtjg(u W) f (V)el?™dy

N )
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Windowed Fourier Transform—Time Frequency Localization

o

Time Frequency Symmetry :
f(w,t) = j f (U)g(u-t)e 7™ du
f(w,t) =e 12 fa(v ~w) f (V)e!?™dv
f(u - )
W gty e
suppg CfAT/2,7/2] f (a),to)
~ t g
f(v) to w
g(v - w,) _
\/\ 0 WSS (w, 1)
/ \r\ IV -1
wO J

Fall 2004
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Windowed Fourier Transform—Time Frequency Localization

! Time Frequency Localization
o) =1 |§(@)]" =1
= [t[g(t)f ot w, = [w|§(w) dw

= o](t—tm)z\g(t)\z it 0, = [(@-w,)|§(w) dw

Helsenberg’s uncertainty principle

dno 0, =1 1
g, =, |—
(t) (2a)1/4 — rrat? tm — wm — O 4/Ta.
(C()) (2/a)1/4 -l a O.w — i
4

o
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Windowed Fourier Transform—Time Frequency Localization

o

N
Uncertainty Principle
Time Frequency
| -1/T T
_T T N—— o
1T Y

Fall 2004
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Windowed Fourier Transform—Time Frequency Localization

o

Time Frequency Localization

f (w,.t,) describes f

[t, x 0, ||w, 0, ]

A

v
~—

within a resolution cell:

Uncertainty principle:

— t 1
JwI g0,>—

)

Fall 2004

Pattern Recognition for Vision



Windowed Fourier—Reconstruction

Reconstruction Formula

f (U) = % [[9..@) f(@bdadt C=|gf

f,(u)=1(u)gu-t

fwt)= [ f(u)e > du

g(u—t)f(u)= j f(w,t)e!?™dw

—00

f (u) Hg(u ) dt = Hf(w ) g(u - t)e’*™ dat

—00 —00

@k

ga)t(u)




Windowed Fourier—Reconstruction

o

Reconstruction Formula

t(u)

Reconstruction

v

)

Fall 2004
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Windowed Fourier—Redundancy

Redundancy

f(u)= o]o] fwt)g(u- t)e’z”“’“da)dt

Jwt (U)
Parseval for WFT

1
C

(@0 = (0, F0)y = = (00 @0, @),
G (@' 1) = (0, (U), Gy e (U)) = 1) = j 0, (U)9, (U)du
f(w,t) =
K, (a)\’,ft’\a),t)

-Values of f are correlated
-Not any function f (w,t) [T:1can be a WFT

L -f (w,t) CEIF [is a reproducing kernel Hilbert space )

Fall 2004 Pattern Recognition for Vision




Windowed Fourier Transform—Sampling Theorem

o

N
Sampling Theorem
f(n,m) = I f (U)T(u-nt)e ™ du
a) —00
I S S Reconstruction If
® @ @ ® ® wsts < 1
C()S * o ® e ®
1
L. )

Fall 2004
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Windowed Fourier Transform—Examples

o

1
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Time Scale Analysis—Motivation

o

” )

v
—

A
v

Reconstruction

-t

Features with time scales much shorter and longer than o,

have to be synthesized with many notes.

)
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Time Scale Analysis—Continuous Wavelet Transform

4 N\
1 u-—t .
ws,t(u):‘s_p w(Tj1 l//(U) LI.S¢O1p>O
fs,)= [@, (u) fdu=(g,, ), fITI
W(u)=ue™™
o T M\
W,, green { \/
W,,s Dlue ol
K E i -10 -5 ] g 10 15 20 25 /

Fall 2004
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Wavelet T

ransform—Reconstruction

o

Reconstruction Formula

Admissibility

condition: 0

f(u)= | [

dow < o

<C, = ?\gf/(j)a))\

Y(u) f (s,1)s*P*dtds

{w*'} reciprocal wavelet family of {.}

C

P _C st - : .
ifC.=C, = then ¢, =~y Aw,.} is self reciprocal:

f(u):éoj

0

o]él’s,t (u) f (s,t)s*"dtds

)
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Wavelet Transform—Reconstruction

o

.
Admissibility condition:
o |,7, + 2
0<C, = j“”(‘w)‘ dew < o
S
#(0)=0 [¢(u)du=0
Symmetry condition:
C_=C,
if ¢ is symmetric, ¢ is symmetric
if o is real-valued, ¢ (-w) = J(w)
/

Fall 2004
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Wavelet Transform—Plancherel&Parseval

Plancherel Formula

(f.F), == Jer [ []s/"| F(s.t)f dsdt

Parseval ldentity

<f,g>L2(R):<f,g'>£ =9 ZI(R)

<f g> H 7% £ (s,t) G (s, t)dsdlt




Wavelet Transform—Time Frequency Symmetry

p=055s>0: ¢, (u) :% w(uT_tj
&, (@) =s e (sw)

Fs0)= (o 1) = (8, T) = [0(@) F @)

f(s,t) = \/go]ﬁ(sw) f (w) e dw

f (s.1) :% jw(‘%tj f (u)du

N )
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Wavelet Transform—Time Frequency Localization

o

Time Frequency Localization

¢ (u) is centered at t, with g, ¢ (w) is centered at w, with g

f(s,t') = j w( j f (u)du

time window centered at s t, +t" with sg,
f(s,t)=s [d(sw) f (w) e dw

frequency window centered at w, /s with g, /s

)

Fall 2004
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Wavelet Transform—Time Frequency Localization

4 A
Time Frequency Localization
w
0.50 0.50
1/2] 2w, ; - _ _
20, 20, size of resolution cell
: : IS constant:
o g, .0
1 W g, ” g, ” e
20, 2
2 |w,l2 050, — 1 | 050, G
> 1
- J

r~

D

Fall 2004

Pattern Recognition for Vision



Wavelet Transform—Redundancy

o

Redundancy

<f1’ f2>|_2 :<f1’ f~2>£ f~(S,t) :<¢/s,t, f>L2 :<ws,t’ f~>£

ws’,t' = <¢/s,t’¢/s’,t'>|_2 - K(,l/ (S,’t,

f(s,t) = ms\zp_3 K, (s',t’

-Values of f are correlated

s,1)

s,t) f (s',t")ds't’

-Not any function f (s,t) [:1can be a WFT

N

-f(s,t) CL1L Cis a reproducing kernel Hilbert space

)
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Wavelet Transform—Frames

Notion of Frames

f(s,t) = <w5,t, f)

r Y 2y =Tx

/ /Lez

Hilbert space X, dimX =N Tx= Z X, U >ej, T:X 5Y
{u,...uy,} CZXIM >N,
Hilbert space Y,dimY =M

<x,T y>:<Tx,y>,T*:Y S X

Unlike the basis the frames {u,,...,u,, } can be linearly dependent
N )
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Wavelet Transform—Frames

If x [X1is uniquely determined by Tx LY ]
then {u,,...,u,, } CXJis a frame of X

T Is Injective
{u,,...,u, } CXJis a frame of X if:
Alx|" = [Tx|" < B|X B>A20

Reconstruction of X from y =Tx:
X=Sy=(TT)'Ty
G =TT is selfadjoint — eigenvalues are real

Frames are the framework for continuous and discrete wavelets

N )
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Wavelet Transform—Discrete Wavelets

o

.
f(s,t)= |[|s]"" K, (s.t|s,t) F (5", t)ds't’
Redundancy: Discrete wavelets
Y(s,t), st Ito ¢(a,b), a,b
Exponential sampling
s(a) = 0%, o >1, elementary dilation step
t(a,b)=bo®g, >0
y,

Fall 2004
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Wavelet Transform—Discrete Wavelets

o

.
Sampling of the s,t plane
o a=1
o’ a=0
g’ a =X
s(a)=0%,0>1 t(a,b)=bo” s, >0
. t /

Fall 2004
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Wavelet Transform—Multiresolution Analysis

o

Multiresolution analysis of discrete signals

f(n),n LZ]

Sampling f (s,t) on a dyadic grid, orthogonal wavelets:
og=2,[=1.s=2%t=b2" a,b [Z]

Two half band filters with impulse response h(n), g(n)
f,(n)= f(n)[h{n) = Z f (k)h(n-k)
fL(n) = f(n) Cgi(n) = f(k)g(n—k)

Downsampling: T .(n) = 1,,(2n), f.(n) = f_(2n)

Fall 2004



Wavelet Transform—Multiresolution Analysis

o

[ T(n)

\ 4

9n) | [2)——f (—

Analysis

Wavelet coefficients

) 2,

_____+<:::>____*

g(n ——®—

A

fLi(n)

Reconstruction

fo (n)%

h"(n)

g(n), h(n) are a Quadrature mirror filter

)

Fall 2004
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Wavelet Transform—Multiresolution Analysis

Haar Wavelets

05 1 2
. h are orthonormal

9  easy to compute but

poor frequency resolution

v
~—t

N )
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Wavelet Transform—Multiresolution Analysis

Daubechie Wavelets

T=sling lunelien phi Wy mlak honchion pei Scaling uneten ghi "W alat hnclion pal
1 1
' t ' h(t t h(t
(s s
os as
o o
i) o
f (t) =05 05
05 -as
-1 -1
2 4 -] o 2 4 ] o = 10 o 110
Cacempemiien kv Al e pemiien high-pas s e Cacmpemiien ke Hier D::rrlp:n]:n High—pai= Al
s as 0= ? s * T
f (n) .o o : ‘ o oo cuonon!'r -IO!luNH-
s _usT l -0 05
(6] 1 ] 3 4 5 =] T o 1 2 3 + 5 =] 7 o 3 4 & B 1012 14 o 2 4 =} 14
Bacen b fon lovw—pass Al b Barcen b ction high-pazs Aier Flicon shnue Hon o —pa o lier Hmmtlbnhhh-pmﬂh'
* I.""5| ‘ ‘ as ‘ 0s os
f (ﬂ) o "5 ® 8 5 % g & L. !
ns _as L T =05 05
[u] I a2 3 4 = B T o i a E] 4 B T (] 2 4 B B 10 12 14 [ I 4 =] g 1o 12 4

Matlab Documentation

)
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Wavelet Transform—Multiresolution Analysis

Haar Wavelets (Matlab Toolbox)

Screenshot from Matlab Toolbox removed due to copyright reasons.

N )
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Wavelet Transform—Applications

o

N
eImage Compression
*Texture Analysis
*De-noising
Features for Object Detection and Recognition
J

Fall 2004
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My Face Detector in 2000

-

~
Face examples Classification
vhu[-is
Off ||ne ' Photograph by MIT OCW
S o, -
Non-linear SVM
5 min / image
.@ Feature vector (X;, X, ,..., X,)
.III Feature Extraction
Non-face examples Pixel pattern . 19x19
Search for faces at
different resolutions and
locations
Photograph by MIT OCW. )

Fall 2004
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My Face Detector in 2000

4 . . . N
My experiments with different types of features
] -ni -
Original Histogram Gradients Haar Wavelets
equalized
Photographs courtesy of CMU/VASC Image Database at http://vasc.ri.cmu.edu/idb/html/face/frontal_images/
-//._________.——-—-—-"__
e e
/. -
~— lddlent
14
Al Memo 2000 =
\ False positives / inspected window /
Fall 2004 Pattern Recognition for Vision


http://vasc.ri.cmu.edu/idb/html/face/frontal_images/

Speeding-up Face Detection

f
mE B8 H g A
m ¥ B & =5
Final detection
17x17 polynomial classifier
mEE R ga
‘ o - s S
s T =
L e K m N @B A =
.- fr?. 1
3x3 classifier o % #3
9x9 classifier B e ”
17x17 linear classifier
L Photograph courtesy of CMU/VASC Image Database at http://vasc.ri.cmu.edu/idb/html/face/frontal_images/ )
Fall 2004
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Hierarchical Face Detection—Heisele, CVPR 2001

o

~
System Typacal Speed-up
detection time factor

Single 2" degree 271 s =

polynomial SVM

Single 2% degree 63.8 s 4.25

polynomial SVM

+ Feature reduction
Table 1. Computing time for a 320 240 im-
age processed on a dual Pentium Il with
733 MHz. The original image was rescaled

in 5 steps to detect faces at resolutions be-
tween 26 x 26 and 60 x 60 pixels.
J
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Viola&Jones Detector—Viola&Jones, CVPR 2001

o

Speed is proportional to the average number of features
computed per sub-window.

On the MIT+CMU test set, an average of 9 features out
of a total of 6061 are computed per sub-window.

On a 700 Mhz Pentium Ill, a 384x288 pixel image
takes about 0.067 seconds to process (15 fps).

Roughly 15 times faster than Rowley-Baluja-Kanade
and 600 times faster than Schneiderman-Kanade.

)
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Viola&Jones Detector—Image Features

4 )
Photo removed due to
copyright considerations.
“Rectangle filters”
. . B
Similar to Haar wavelets *
Differences between sums
of pixels in adjacent
rectangles C D
+1 1 >
h(x) = 1 1 1(x) > 6, 160,000 x100 = 16,000,000
-1 otherwise :
Unique Features
Series of photos and figures from Rapid object detection using a boosted cascade of simple features. Viola, P., and M. Jones.
Computer Vision and Pattern Recognition, 2001. CVPR 2001. Proceedings of the 2001 IEEE Computer Society Conference
_ 1 (2001): 1-511 - I-518. Graphs courtesy of IEEE. Copyright 2001 IEEE. Used with Permission. )
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Viola&Jones Detector

o

N
How exactly does it work??
Read the CVPR 2001 paper.......
or wait until the lecture on object detection by Mike Jones
/

Fall 2004

Pattern Recognition for Vision



Integral Image—Viola&Jones CVVPR 2001

-
Define the Integral Image

Any rectangular sum can be computed in constant time:

I'(x, y) =D 1(x',y")

X'<X
y'sy

Rectangle features can be computed as differences between

rectangles
D=1+4-(2+3)
= A+(A+B+C+D)-(A+C+A+B) * | ’
2
=D - b
3 4

Series of photos and figures from Rapid object detection using a boosted cascade of simple features. Viola, P., and M. Jones.

Computer Vision and Pattern Recognition, 2001. CVPR 2001. Proceedings of the 2001 IEEE Computer Society Conference
\_ 1(2001):1-511 - 1-518. Graphs courtesy of IEEE. Copyright 2001 IEEE. Used with Permission.

)
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Example Classifier for Face Detection—Viola&Jones CVPR 2001

" A classifier with 200 rectangle features was learned using AdaBoost )
95% correct detection on test set with 1 in 14084
false positives.
Not quite competitive... L L L R O A N S N
Photographs removed due o g ossff-e ......... ......... ......... ......... ......... . ________ i
copyright considerations. | S ......... ......... __________ __________ __________ __________ __________ __________ ________ i
ROC curve for 200 feature classifier
Series of photos and figures from Rapid object detection using a boosted cascade of simple features. Viola, P., and M. Jones.
Computer Vision and Pattern Recognition, 2001. CVPR 2001. Proceedings of the 2001 IEEE Computer Society Conference
\_ 1 (2001): 1-511 - I-518. Graphs courtesy of IEEE. Copyright 2001 IEEE. Used with Permission. )
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Literature

o

Ingrid Daubechies “Ten Lectures on Wavelets”
For mathematicians only, many proofs

Gerald Kaiser “A Friendly Guide to Wavelets”
Not friendly, but easier to understand than above

Christian Blatter “Wavelets—A Primer”
more friendly than Kaiser...

Stephane Mallat “Multifrequency Channel Decomposition”
IEEE Acoustics Speech & Signal Proc. 1989
One of the early papers on multiresolution analysis

)
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Homework

«Some proofs (optional)

*Template matching with Fourier transform
Shape representation with Fourier descriptors
(stick to Instructions)

Playing with wavelets

N )
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