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•  Digital	  photography	  
•  Surveillance	  
•  Album	  organiza2on	  
•  Person	  tracking/id.	  
•  Emo2ons	  and	  
expressions	  

•  Security/warfare	  
•  Tele-‐conferencing	  
•  Etc.	  

Face	  Recogni2on	  
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The	  Space	  of	  Faces	  

•  An	  image	  is	  a	  point	  in	  a	  high	  
dimensional	  space	  
–  If	  represented	  in	  grayscale	  

intensity,	  an	  N	  x	  M	  image	  is	  a	  point	  
in	  RNM	  

–  E.g.	  100x100	  image	  =	  10,000	  dim	  
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The	  Space	  of	  Faces	  

•  An	  image	  is	  a	  point	  in	  a	  high	  
dimensional	  space	  
–  If	  represented	  in	  grayscale	  

intensity,	  an	  N	  x	  M	  image	  is	  a	  point	  
in	  RNM	  

–  E.g.	  100x100	  image	  =	  10,000	  dim	  

•  However,	  rela2vely	  few	  high	  
dimensional	  vectors	  correspond	  
to	  valid	  face	  images	  

•  We	  want	  to	  effec2vely	  model	  
the	  subspace	  of	  face	  images	  
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• 	  So,	  compress	  them	  to	  a	  low-‐dimensional	  subspace	  that	  
	  	  captures	  key	  appearance	  characteris2cs	  of	  the	  visual	  DOFs.	  
	  
	  
	  

Key	  Idea	  

• 	  USE	  PCA	  for	  es2ma2ng	  the	  sub-‐space	  	  
	  	  	  (dimensionality	  reduc2on)	  

• Compare	  two	  faces	  by	  projec2ng	  the	  images	  into	  the	  subspace	  
and	  measuring	  the	  EUCLIDEAN	  distance	  between	  them.	  
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PCA	  projec2on	  

• 	  Computes	  n-‐dim	  subspace	  such	  that	  the	  projec2on	  of	  the	  data	  points	  onto	  the	  
subspace	  has	  the	  largest	  variance	  among	  all	  n-‐dim	  subspaces.	  	  	  	  	  

USE	  PCA	  for	  es2ma2ng	  the	  sub-‐space	  
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x1 

x2 

 1st principal 
component 

 2rd principal 
component 
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USE	  PCA	  for	  es2ma2ng	  the	  sub-‐space	  
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Image	  	  
space	  

Face	  space	  

• 	  Maximize	  the	  scajer	  of	  the	  training	  images	  in	  face	  space	  

• 	  Computes	  n-‐dim	  subspace	  such	  that	  the	  projec2on	  of	  the	  data	  points	  onto	  the	  
subspace	  has	  the	  largest	  variance	  among	  all	  n-‐dim	  subspaces.	  	  	  	  	  
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Orthonormal	  	  	  	  	  	  	  	  	  	  	  	  	  

Define	  a	  transforma2on,	  W,	  	  	  	  

m-‐dimensional	   n-‐dimensional	  

=	  Data	  Scajer	  matrix	  T
j

N

1j
jT )xx)(xx(S −−∑=

=

N...2,1jxWy j
T

j ==

PCA	  =	  eigenvalue	  decomposi2on	  of	  a	  data	  covariance	  matrix	  

=	  Transf.	  data	  scajer	  matrix	  WSW)yy)(yy(S~ T
TT

j

N

1j
jT =−−∑=

=
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Eigenvectors	  of	  ST	  

PCA:	  Mathema2cal	  formula2on	  

Wopt = argmax
W

WTSTW = v1 v2 vm[ ]
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Eigenfaces:	  key	  idea	  

•  Assume	  that	  most	  face	  images	  lie	  on	  a	  low-‐
dimensional	  subspace	  determined	  by	  the	  first	  
k	  (k<<d)	  direc2ons	  of	  maximum	  variance	  

•  Use	  PCA	  to	  determine	  the	  vectors	  or	  
“eigenfaces”	  that	  span	  that	  subspace	  

•  Represent	  all	  face	  images	  in	  the	  dataset	  as	  
linear	  combina2ons	  of	  eigenfaces	  

8-‐Nov-‐13	  18	  

M. Turk and A. Pentland, Face Recognition using Eigenfaces, CVPR 1991 
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Projec2ng	  onto	  the	  Eigenfaces	  
•  The	  eigenfaces	  v1,	  ...,	  vK	  span	  the	  space	  of	  faces	  
	  

–  A	  face	  is	  converted	  to	  eigenface	  coordinates	  by	  

8-‐Nov-‐13	  19	  
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Algorithm	  

1.  Align	  training	  images	  x1,	  x2,	  …,	  xN	  

2.	  Compute	  average	  face	  	  	  u	  =	  1/N	  Σ	  xi	  
	  
3.	  Compute	  the	  difference	  image	  

	  
φi = xi – u 

Training 

Note	  that	  each	  image	  is	  formulated	  into	  a	  long	  vector!	  

8-‐Nov-‐13	  20	  
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Tes6ng	  	  
1.  Take	  query	  image	  X	  
2.  Project	  X	  into	  Eigenface	  space	  (W	  =	  {eigenfaces})	  
	  	  	  	  	  	  and	  compute	  projec2on	  ωi	  =	  W	  (X	  –	  u),	  	  
3.	  	  	  Compare	  projec2on	  ωi	  with	  all	  training	  N	  projec2ons	  ai	  	  	  

ST	  =	  (1/N)	  Σ	  φi	  φi
T	  =	  BBT,	  	  	  	  B=[φ1,	  φ2	  …	  φN]	  

4.	  Compute	  the	  covariance	  matrix	  (total	  scajer	  matrix)	  	  

5.	  Compute	  the	  eigenvectors	  of	  the	  covariance	  matrix	  ST	  	  
6.	  Compute	  training	  projec2ons	  a1,	  a2...	  aN	  

Algorithm	  

8-‐Nov-‐13	  21	  
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Illustra2on	  of	  Eigenfaces	  

These	  are	  the	  first	  4	  eigenvectors	  from	  a	  training	  set	  of	  400	  
images	  (ORL	  Face	  Database).	  	  

•  The	  visualiza2on	  of	  eigenvectors:	  

8-‐Nov-‐13	  22	  
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Eigenfaces	  look	  somewhat	  like	  generic	  faces.	  
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•  Only	  selec2ng	  the	  top	  P	  eigenfaces	  à	  reduces	  the	  
dimensionality.	  	  

•  Fewer	  eigenfaces	  result	  in	  more	  informa2on	  loss,	  and	  hence	  less	  
discrimina2on	  between	  faces.	  

Reconstruc2on	  and	  Errors	  

P	  =	  4	  

P	  =	  200	  

P	  =	  400	  

8-‐Nov-‐13	  24	  
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Summary	  for	  Eigenface	  

Pros	  
•  Non-‐itera2ve,	  globally	  op2mal	  solu2on	  

Limita2ons	  

• PCA	  projec2on	  is	  op6mal	  for	  reconstruc6on	  from	  a	  
low	  dimensional	  basis,	  but	  may	  NOT	  be	  op6mal	  for	  
discrimina6on…	  	  

• See	  supplementary	  materials	  for	  “Linear	  
Discrimina2ve	  Analysis”,	  aka	  “Fisherfaces”	  

8-‐Nov-‐13	  25	  
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Supplementary	  materials	  

8-‐Nov-‐13	  27	  

1. Turk	  and	  Pentland,	  Eigenfaces	  for	  Recogni2on,	  
Journal	  of	  Cogni-ve	  Neuroscience	  3	  (1):	  71–86.	  

2. P.	  Belhumeur,	  J.	  Hespanha,	  and	  D.	  Kriegman.	  
"Eigenfaces	  vs.	  Fisherfaces:	  Recogni2on	  	  

Using	  Class	  Specific	  Linear	  Projec2on".	  IEEE	  
Transac-ons	  on	  pa7ern	  analysis	  and	  machine	  	  
intelligence	  19	  (7):	  711.	  1997.	  



Lecture 17 -  !
!
!

Fei-Fei Li!

Fisher	  Faces:	  	  
Linear	  Discriminant	  Analysis	  
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Linear	  Discriminant	  Analysis	  (LDA)	  	  
Fisher’s	  Linear	  Discriminant	  (FLD)	  

	  
	  

•  Eigenfaces	  exploit	  the	  max	  scajer	  of	  the	  training	  
images	  in	  face	  space	  

•  Fisherfaces	  ajempt	  to	  maximise	  the	  between	  
class	  scaAer,	  while	  minimising	  the	  within	  class	  
scaAer.	  

8-‐Nov-‐13	  29	  
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Illustra2on	  of	  the	  Projec2on	  

	  	  	  	  	  	  	  	  Poor	  Projec2on	  

x1 

x2 

x1 

x2 

w  Using	  two	  classes	  as	  example:	  

Good	  
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Comparing	  with	  PCA	  
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Variables	  

•  N	  Sample	  images:	  	  
•  c	  classes:	  

•  Average	  of	  each	  class:	  	  

•  Total	  average: 	  	  

{ }Nxx ,,1 

{ }cχχ ,,1 

∑=
∈ ikx

k
i

i x
N χ

µ
1

∑=
=

N

k
kxN 1

1
µ

8-‐Nov-‐13	  32	  



Lecture 17 -  !
!
!

Fei-Fei Li!

Scajers	  

•  Scajer	  of	  class	  i:	   ( )( )Tik
x

iki xxS
ik

µµ
χ

−∑ −=
∈

∑=
=

c

i
iW SS

1

( )( )∑ −−=
=

c

i

T
iiiBS

1
µµµµχ

BWT SSS +=

• Within	  class	  scajer:	  

•  Between	  class	  scajer:	  

•  Total	  scajer:	  

8-‐Nov-‐13	  33	  



Lecture 17 -  !
!
!

Fei-Fei Li!

Illustra2on	  

2S

1S

BS
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x1 

x2 
Within	  class	  scajer	  

Between	  class	  scajer	  
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Mathema2cal	  Formula2on	  (1)	  

•  Ayer	  projec2on:  

•  Between	  class	  scajer	  (of	  y’s):	  
• Within	  class	  scajer	  (of	  y’s):	  

k
T

k xWy =

WSWS B
T

B =
~

WSWS W
T

W =
~
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Illustra2on	  

2
~S

1
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21
~~~ SSSW +=
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Mathema2cal	  Formula2on	  
•  The	  desired	  projec2on:	  

WSW

WSW

S
S

W
W

T
B

T

W

B
opt WW

max arg~
~

max arg ==

miwSwS iWiiB ,,1            …== λ

•  How	  is	  it	  found	  ?	  à	  Generalized	  Eigenvectors	  

•  If	  Sw	  has	  full	  rank,	  the	  generalized	  eigenvectors	  
are	  eigenvectors	  of	  SW-‐1	  SB	  	  with	  largest	  eigen-‐
values	  

8-‐Nov-‐13	  37	  
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Training/	  Tes6ng	  	  
	  

Projec2on	  in	  Eigenface	  
	   	  Projec2on	  ωi	  =	  W	  opt	  (X	  –	  u),	  	  
	   	  Wopt	  =	  {fisher-‐faces}	  
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Results:	  Eigenface	  vs.	  Fisherface	  (1)	  

•  Variation in Facial Expression, Eyewear, and Lighting 

•  Input: 	  160	  images	  of	  16	  people	  
•  Train: 	  159	  images	  
•  Test: 	  1	  image	  

With 
glasses	  

Without 
glasses	  

3 Lighting 
conditions	   5 expressions	  
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Eigenface	  vs.	  Fisherface	  (2)	  
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