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Defini&on	  of	  Image	  Understanding	  

•  "scene": 	  secKon	  of	  the	  real	  world	  
–  staKonary	  (3D)	  or	  	  
–  moving	  (4D)	  

•  "image": 	  view	  of	  a	  scene	  
–  projecKon,	  density	  image	  (2D)	  
–  depth	  image	  (2	  1/2D)	  
–  image	  sequence	  (3D)	  

•  "reconstrucKon	  and	  interpretaKon“:	  computer-‐internal	  scene	  descripKon	  
–  QuanKtaKve	  
–  QualitaKve	  
–  Symbolic	  

•  "task-‐oriented": 	  for	  a	  purpose,	  to	  fulfil	  a	  parKcular	  task	  
–  context-‐dependent,	  	  
–  supporKng	  acKons	  of	  an	  agent	  

IP1:	  A	  walk	  through	  the	  lecture	  series	  
	  

from	  Lecture	  3:	  Image	  Understanding	  and	  Image	  FormaKon	  
	  
	  

Image	  understanding	  is	  the	  task-‐oriented	  reconstruc&on	  
and	  interpreta&on	  of	  a	  scene	  by	  means	  of	  images	  	  
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Different	  colors	  are	  described	  by	  Hue	  (H),	  
SaturaKon	  (S),	  and	  Intensity	  (I).	  Can	  be	  derived	  
from	  RGB	  model:	  

	  

	  

	  

	  

	  

	  

	  

	  

	  

Closer	  to	  human	  percepKon	  

Be]er	  choice	  e.g.	  for	  selecKng	  colors!	  

Computer	  Vision	  Colour	  Models	  
	  

Different	  colors	  are	  generated	  by	  adding	  
different	  porKons	  of	  red	  (R),	  green	  (G),	  and	  
blue	  (B).	  

	  

	  

	  

	  

	  

	  

RGB	  is	  the	  most	  commonly	  used	  color	  space	  
in	  Computer	  Vision.	  

Typical	  discre&za&on:	  

8	  bits	  per	  colour	  dimension	  

à	  	  16.777.216	  colours	  

IP1:	  A	  walk	  through	  the	  lecture	  series	  
	  
	  

from	  Lecture	  3:	  Image	  Understanding	  and	  Image	  FormaKon	  
	  
	  
	  

RGB	  colour	  model	  –	  Inverse	  to	  CMY	  

cyan	  

R	  

G	  

B	  

yellow	  

magenta	  

HSI	  colour	  model	  
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Sampling	  Theorem	  

Shannon´s	  Sampling	  Theorem:	  

A	  bandlimited	  funcKon	  with	  bandwidth	  W	  can	  be	  exactly	  
reconstructed	  from	  equally	  spaced	  samples,	  if	  the	  sampling	  

distance	  is	  not	  larger	  than	  	  	  	  	  	  	  	  .	  
	  
Bandwidth	  =	  largest	  frequency	  contained	  in	  signal	  
(=>	  Fourier	  decomposiKon	  of	  a	  signal)	  
	  

Analogous	  theorem	  holds	  for	  2D	  signals	  with	  limited	  spaKal	  
frequencies	  Wx	  and	  Wy 

IP1:	  A	  walk	  through	  the	  lecture	  series	  
	  
	  

from	  Lecture	  3:	  Image	  Understanding	  and	  Image	  FormaKon	  
	  
	  
	  

1
2W
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Perspec&ve	  Projec&on	  Geometry	  

ProjecKve	  geometry	  relates	  the	  coordinates	  of	  a	  point	  in	  a	  scene	  to	  
the	  coordinates	  of	  its	  projecKon	  onto	  an	  image	  plane.	  

PerspecKve	  projecKon	  is	  an	  adequate	  model	  for	  most	  cameras.	  

IP1:	  A	  walk	  through	  the	  lecture	  series	  
	  
	  

from	  Lecture	  5:	  PerspecKve	  TransformaKons	  and	  InterpolaKon	  
	  
	  

•	  

•	  

•	  
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yp 

zp = f 

image	  plane	  

opKcal	  
center	  

scene	  point	  
image	  point	  

Projec&on	  equa&ons:	  
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Connec&vity	  in	  Digital	  Images	  
ConnecKvity	  is	  an	  important	  property	  of	  subsets	  of	  pixels.	  It	  is	  based	  on	  
adjacency	  (or	  neighbourhood):	  
	  
	  
	  
	  
	  
	  

A	  path	  from	  pixel	  P	  to	  pixel	  Q	  is	  a	  sequence	  of	  pixels	  beginning	  at	  Q	  and	  
ending	  at	  P,	  where	  consecuKve	  pixels	  are	  neighbours.	  

In	  a	  set	  of	  pixels,	  two	  pixels	  P	  and	  Q	  are	  connected,	  if	  there	  is	  a	  path	  between	  
P	  and	  Q	  with	  pixels	  belonging	  to	  the	  set.	  

A	  region	  is	  a	  set	  of	  pixels	  where	  each	  pair	  of	  pixels	  is	  connected.	  
	  
	  

IP1:	  A	  walk	  through	  the	  lecture	  series	  
	  
	  

from	  Lecture	  5:	  PerspecKve	  TransformaKons	  and	  InterpolaKon	  
	  
	  

Pixels	  are	  4-‐neighbours	  if	  
their	  distance	  is	  D4	  =	  1	  

Pixels	  are	  8-‐neighbours	  if	  
their	  distance	  is	  D8	  =	  1	  

all	  4-‐neighbours	  of	  
center	  pixel	  

all	  8-‐neighbours	  of	  
center	  pixel	  
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Principle	  of	  Greyvalue	  Interpola&on	  

Two	  ways	  of	  viewing	  interpolaKon	  in	  the	  context	  of	  geometric	  
transformaKons:	  
A)  Greyvalues	  at	  grid	  locaKons	  (x	  y)	  in	  old	  image	  are	  placed	  at	  

corresponding	  locaKons	  (x´y´)	  in	  new	  image:	  g(x´y´)	  =	  g(T(x	  y))	  
	  à	  interpolaKon	  in	  new	  image	  

B) 	  Grid	  locaKons	  (u´v´)	  in	  new	  image	  are	  transformed	  into	  corresponding	  
	  locaKons	  (u	  v)	  in	  old	  image:	  g(u	  v)	  =	  g(T-‐1(u´v´))	  
	  à	  interpolaKon	  in	  old	  image	  

We	  will	  take	  view	  B:	  	  
	  Compute	  greyvalues	  between	  grid	  from	  greyvalues	  at	  grid	  locaKons.	  

IP1:	  A	  walk	  through	  the	  lecture	  series	  
	  
	  

from	  Lecture	  5:	  PerspecKve	  TransformaKons	  and	  InterpolaKon	  
	  
	  

• • 
• • 

• • 

• 
• 

• • 
• 

• 

• • 
• • Greyvalue	  interpola&on	  =	  computa&on	  of	  unknown	  

greyvalues	  at	  loca&ons	  (u´v´)	  from	  known	  greyvalues	  at	  
loca&ons	  (x´y´)	  
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Global	  Image	  Proper&es	  

Global	  image	  properKes	  refer	  to	  an	  image	  as	  a	  whole	  rather	  
than	  components.	  ComputaKon	  of	  global	  image	  properKes	  
is	  ogen	  required	  for	  image	  enhancement,	  preceding	  image	  
analysis.	  

We	  treat	  
–  empirical	  mean	  and	  variance	  
–  histograms	  

–  projecKons	  
–  cross-‐secKons	  
–  frequency	  spectrum	  

IP1:	  A	  walk	  through	  the	  lecture	  series	  
	  
	  

from	  Lecture	  6:	  Image	  ProperKes	  and	  Filters	  
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Median	  Filter	  
Median	  of	  a	  distribuKon	  P(x):	  	  	  xm such	  that	  P(x < xm) = 1/2 
	  
	  
Median	  Filter:	  

	  1.	  Sort	  pixels	  in	  D	  according	  to	  greyvalue	  
	  2.	  Choose	  greyvalue	  in	  middle	  posiKon	  

Example:	  
	  
	  

IP1:	  A	  walk	  through	  the	  lecture	  series	  
	  
	  

from	  Lecture	  6:	  Image	  ProperKes	  and	  Filters	  
	  
	  

ĝij =  max a( )  with gk ∈ D   and {gk < a} <
D
2

11 14 15 

13 12 25 

15 19 26 

11 
12 
13 
14 
15 
15 
19 
25 
26 

greyvalue	  of	  center	  pixel	  of	  
region	  is	  set	  to	  15 

Median	  Filter	  reduces	  influence	  of	  outliers	  in	  either	  direc&on!	  
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Discrete	  Fourier	  Transform	  (DFT)	  
Computes	  image	  representaKon	  as	  a	  sum	  of	  sinusoidals.	  
	  
	  
	  
	  
NotaKon	  for	  compuKng	  the	  Fourier	  Transform:	  
	  
	  
	  
Transform	  is	  based	  on	  periodicity	  	  
assumpKon!	  
à	   	  periodic	  conKnuaKon	  may	  
	   	  cause	  boundary	  effects	  	  
	  
	  
	  

IP1:	  A	  walk	  through	  the	  lecture	  series	  
	  
	  

from	  Lecture	  7:	  Spectral	  Image	  Processing	  and	  ConvoluKon	  
	  
	  

Guv =
1
MN

 gmn
n=0

N−1

∑
m=0

M−1

∑ e
−2π j (mu

M
+
nv
N

)

for  u = 0,…,M −1  and  v = 0,…,N −1

gmn =  Guv
v=0

N−1

∑
u=0

M−1

∑ e
2π j (mu

M
+
nv
N

)

for  m = 0,…,M −1  and  n = 0,…,N −1

Discrete	  Fourier	  Transform:	   Inverse	  Discrete	  Fourier-‐Transform:	  

Guv = F gmn{ }
gmn = F

−1 Guv{ }
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Filtering in the Frequency Domain
A	  filter	  transforms	  a	  signal	  by	  modifying	  its	  spectrum.	  

	  G(u, v) = F(u, v) H(u, v) 

 F	   	  Fourier	  transform	  of	  the	  signal	  
 H 	  frequency	  transfer	  funcKon	  of	  the	  filter	  
 G 	  modified	  Fourier	  transform	  of	  signal	  	  

Typical	  filters:	  
–  low-‐pass	  filter 	  low	  frequencies	  pass,	  high	  frequencies	  are	  

	   	   	   	  a3enuated	  or	  removed	  
–  high-‐pass	  filter 	  high	  frequencies	  pass,	  low	  frequencies	  are	  	  

	   	   	   	  a3enuated	  or	  removed	  
–  band-‐pass	  filter 	  frequencies	  within	  a	  frequency	  band	  pass,	  	  

	   	   	   	  other	  frequencies	  below	  or	  above	  are	  	  
	   	   	   	  a3enuated	  or	  removed	  

Ogen	  (but	  not	  always)	  the	  noise	  part	  of	  an	  image	  is	  high-‐frequency	  and	  the	  signal	  part	  
is	  low-‐frequency.	  Low-‐pass	  filtering	  then	  improves	  the	  signal-‐to-‐noise	  raKo.	  

	  
	  
	  

IP1:	  A	  walk	  through	  the	  lecture	  series	  
	  
	  

from	  Lecture	  7:	  Spectral	  Image	  Processing	  and	  ConvoluKon	  
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Discrete	  Convolu&on	  Using	  the	  FFT	  

ConvoluKon	  in	  the	  spaKal	  domain	  may	  be	  performed	  more	  efficiently	  
using	  the	  FFT.	  
	  
	  
Using	  the	  FFT	  and	  filtering	  in	  the	  frequency	  domain:	  
	  
	  
	  
	  
Example	  with	  M = N = 512:	  

–  straight	  convoluKon	  needs	  ~	  1010	  operaKons	  
–  convoluKon	  using	  the	  FFT	  needs	  ~107	  operaKons	  

	  
	  

12

IP1:	  A	  walk	  through	  the	  lecture	  series	  
	  
	  

from	  Lecture	  7:	  Spectral	  Image	  Processing	  and	  ConvoluKon	  
	  

(MN)2 operaKons	  needed	  

gmn   Guv   Guv´   gmn´ 
FFT	   Huv	   FFT-‐1	  

MN	  log(MN) 	  	  	  	  	  	  	  	  MN 	   	  MN	  log(MN) 	  #	  of	  opera&ons	  

!gij =  gmn
n=0

N-1

∑
m=0

M−1

∑ hi−m, j−n
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Illustra&on	  of	  Minimum-‐loss	  	  
Dimension	  Reduc&on	  

Using	  the	  Karhunen-‐Loève	  transform,	  data	  compression	  is	  achieved	  by	  	  
• 	  changing	  (rotaKng)	  the	  coordinate	  system	  
• 	  omipng	  the	  least	  informaKve	  dimension(s)	  in	  the	  new	  coodinate	  system	  
Example:	  
	  
	  

13

IP1:	  A	  walk	  through	  the	  lecture	  series	  
	  
	  

from	  Lecture	  8:	  Image	  compression	  1	  
	  

x1 

x2 

x1 

x2 

• • • 
• 

• • • 

• • 

• • 
• 

• 

• 
• 

y1 
y2 

y1 

y2 

• • • • • • • • • • • • • • • y1 
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Principle	  of	  Baseline	  JPEG	  

14

IP1:	  A	  walk	  through	  the	  lecture	  series	  
	  
	  

from	  Lecture	  9:	  Image	  compression	  2	  
	  
	  

FDCT	   Quan&zer	   Entropy	  Encoder	  

Encoder	  

table	  
specifica&ons	  

table	  
specifica&ons	  

8	  x	  8	  blocks	  

source	  image	  
data	  

compressed	  
image	  data	  

(Source: Gibson et al., Digital Compression for Multimedia, Morgan Kaufmann 98) 

• 	  transform	  RGB	  into	  YUV	  coding,	  subsample	  color	  informaKon	  
• 	  parKKon	  image	  into	  8	  x	  8	  blocks,	  leg-‐to-‐right,	  top-‐to-‐bo]om	  
• 	  compute	  Discrete	  Cosine	  Transform	  (DCT)	  of	  each	  block	  
• 	  quanKze	  coefficients	  according	  to	  psychovisual	  quanKzaKon	  tables	  
• 	  order	  DCT	  coefficients	  in	  zigzag	  order	  
• 	  perform	  runlength	  coding	  of	  bitstream	  of	  all	  coefficients	  of	  a	  block	  
• 	  perform	  Huffman	  coding	  for	  symbols	  formed	  by	  bit	  pa]erns	  of	  a	  block	  	  
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Segmenta&on	  

IP1:	  A	  walk	  through	  the	  lecture	  series	  
	  
	  

from	  Lecture	  10:	  Image	  SegmentaKon	  1	  
	  
	  

Segmen&ng	  the	  image	  into	  image	  elements	  which	  may	  correspond	  to	  meaningful	  
scene	  elements	  

high-‐level	  interpreta&ons	  

objects	  

scene	  elements	  

image	  elements	  

raw	  images	  

Typical	  results	  of	  
first	  segmentaKon	  
steps	  

Example:	  
ParKKoning	  an	  
image	  into	  regions	  
which	  may	  
correspond	  to	  
objects	  

29.01.15 University of Hamburg, Dept. Informatics 15



Represen&ng	  Regions	  
A	  region	  is	  a	  maximal	  4-‐	  (or	  8-‐)	  connected	  set	  of	  pixels.	  	  
	  
	  
	  
	  
	  
	  
	  
	  

Note	  that	  discreKzaKons	  of	  an	  analog	  region	  are	  not	  shig	  or	  rotaKon	  invariant:	  
	  

16

IP1:	  A	  walk	  through	  the	  lecture	  series	  
	  
	  

from	  Lecture	  10:	  Image	  SegmentaKon	  1	  
	  
	  

Methods	  for	  digital	  region	  representaKon:	  
•  grid	  occupancy	  

	  -‐ 	  labelling	  
	  -‐ 	  run-‐length	  coding	  
	  -‐ 	  quadtree	  coding	  
	  -‐ 	  cell	  sets	  

•  boundary	  descripKon	  
	  -‐ 	  chain	  code	  
	  -‐ 	  straight-‐line	  segments,	  polygons	  
	  -‐ 	  higher-‐order	  polynomials	  

• • • • 
• • • • 
• • • • 
• • • • 

• • • • 
• • • • 
• • • • 
• • • • 

• • • • 
• • • • 
• • • • 
• • • • 
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Component	  Labelling	  
Determining connected regions in B/W images 

	  

17

IP1:	  A	  walk	  through	  the	  lecture	  series	  
	  
	  

from	  Lecture	  10:	  Image	  SegmentaKon	  1	  
	  
	  

Component	  1 	  Component	  2	  
(2	  3	  9)(3	  3	  7)(4	  6	  6) 	  (4	  12	  12)	  
Component	  3	  
(5	  13	  13)(6	  9	  14)(7	  9	  9	  14	  14)(8	  9	  9	  14	  14)(9	  9	  9	  14	  14)	  
Component	  4	  
(9	  0	  0)(10	  0	  0)(11	  0	  3)(12	  0	  0	  3	  3)(13	  0	  0	  3	  3)(14	  0	  0	  3	  3)	  
Component	  5	  
(9	  5	  6	  12	  12)(10	  6	  6	  11	  12)(11	  6	  11)	  

Component	  labelling	  of	  B/W	  images	  with	  4-‐neighbourhood	  
Scan	  image	  leg	  to	  right,	  top	  to	  bo]om:	  

	  if	  pixel	  is	  white	  then	  conKnue	  
	  if	  pixel	  is	  black	  then	  
	   	  if	  leg	  neighbour	  is	  white	  and	  upper	  neighbour	  is	  white	  then	  assign	  new	  label	  
	   	  if	  leg	  neighbour	  is	  black	  and	  upper	  neighbour	  is	  white	  then	  assign	  leg	  label	  
	   	  if	  leg	  neighbour	  is	  white	  and	  upper	  neighbour	  is	  black	  then	  assign	  upper	  label	  
	   	  if	  leg	  neighbour	  is	  black	  and	  upper	  neighbour	  is	  black	  then	  	  
	   	   	  assign	  leg	  label,	  merge	  leg	  label	  and	  upper	  label	  

In	  this	  example:	  
component	  
descrip&ons	  using	  
run-‐length	  coding	  
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Chain	  Code	  

18

IP1:	  A	  walk	  through	  the	  lecture	  series	  
	  
	  

from	  Lecture	  10:	  Image	  SegmentaKon	  1	  
	  
	  

Chain	  code	  represents	  boundaries	  by	  "chaining"	  direc&on	  arrows	  between	  
successive	  boundary	  elements.	  	  

0 
1 

2 3 
4 

5 
6 7 

Arbitrary	  choice	  of	  starKng	  point,	  chain	  code	  
can	  be	  represented	  e.g.	  by	  

{456671123} 
NormalizaKon	  by	  circular	  shig	  unKl	  the	  
smallest	  integer	  is	  obtained:	  
{112345667} 

Chain	  code	  for	  8-‐connec&vity:	  

Chain	  code	  for	  4-‐connec&vity:	  

0 

1 

2 

3 

Arbitrary	  starKng	  point:	  
{22233330010111} 
Normalized:	  
{00101112223333} 
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Canny	  Edge	  Detector	  I	  

1.  DerivaKon	  for	  1D	  results	  in	  edge	  detecKon	  filter	  which	  can	  be	  effecKvely	  
approximated	  (<	  20%	  error)	  by	  the	  1st	  derivaKve	  of	  a	  Gaussian	  smoothing	  filter.	  

2.  GeneralizaKon	  to	  2D	  requires	  esKmaKon	  of	  edge	  orientaKon:	  

Edge	  is	  located	  at	  local	  maximum	  of	  g	  convolved	  with	  f	  in	  direcKon	  	  	  	  :	  

19

IP1:	  A	  walk	  through	  the	  lecture	  series	  
	  
	  

from	  Lecture	  11	  –	  Image	  SegmentaKon	  2	  
	  

Op&mal	  edge	  detector	  for	  step	  edges	  corrupted	  by	  white	  noise.	  

Op&mality	  criteria:	  
• 	  Detec&on	  of	  all	  important	  edges	  and	  no	  spurious	  responses	  
• 	  Minimal	  distance	  between	  loca&on	  of	  edge	  and	  actual	  edge	  
• 	  One	  response	  per	  edge	  only	  

!n = ∇( f *g)
∇( f *g)

	  normal	  perpendicular	  to	  edge	  
 f Gaussian	  smoothing	  filter	  
 g greyvalue	  image	  

∂ 2

∂
!n2
f *g = 0 "non-‐maximal	  suppression"	  

!n

!n
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Canny	  Edge	  Detector	  II	  

Algorithm	  includes	  
–  choice	  of	  scale	  σ	  	  
–  hysteresis	  thresholding	  to	  avoid	  streaking	  (breaking	  up	  edges)	  
–  "feature	  synthesis"	  by	  selecKng	  large-‐scale	  edges	  	  

dependent	  on	  lower-‐scale	  support	  

	  

20

IP1:	  A	  walk	  through	  the	  lecture	  series	  
	  
	  

from	  Lecture	  11	  –	  Image	  SegmentaKon	  2	  
	  
	  

1.  Convolve	  image	  g	  with	  Gaussian	  filter	  f	  of	  scale	  σ	  	  
2.  EsKmate	  local	  edge	  normal	  direcKon	  γ	  for	  each	  point	  in	  the	  image	  
3.  Find	  edge	  locaKons	  using	  non-‐maximal	  suppression	  
4.  Compute	  magnitude	  of	  edges	  
5.  Threshold	  edges	  with	  hysteresis	  to	  eliminate	  spurious	  edges	  
6.  Repeat	  steps	  (1)	  through	  (5)	  for	  increasing	  values	  of	  σ	  	  	  
7. 	  Aggregate	  edges	  at	  mulKple	  scales	  using	  feature	  synthesis	  
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Grouping	  
	  
	  
Example:	  	  Grouping	  noisy	  edge	  elements	  into	  a	  straight	  edge	  
	  
	  
	  
Essen&al	  problem:	  
Obtaining	  globally	  valid	  results	  by	  local	  decisions	  
	  
Important	  methods:	  

•  Fipng	  
•  Clustering	  
•  Hough	  Transform	  
•  RelaxaKon	  
	  

21

IP1:	  A	  walk	  through	  the	  lecture	  series	  
	  
	  

from	  Lecture	  12:	  Grouping	  and	  Searching	  
	  

To	  make	  sense	  of	  image	  elements,	  	  
they	  first	  have	  to	  be	  grouped	  into	  larger	  structures.	  

-‐	  	  locally	  compaKble	  
-‐	  	  globally	  incompaKble	  

29.01.15 University of Hamburg, Dept. Informatics



Example	  for	  Straight	  Line	  Figng	  by	  	  
Eigenvector	  Analysis	  

	  
	  
	  
	  
	  
	  
	  
	  
Given	  points:	  { (-5 0) (-3 0) (-1 -1) (1 0) (3 2) (5 3) (7 2) (9 2) } 
Center	  of	  gravity:	  	   	   	   	  mx = 2  my = 1   
Sca]er	  matrix:	   	   	   	   	  	  S11 = 168 , S12 = S21 = 38 ,  S22 = 14 
Eigenvalues:      λ1 = 176.87 ,  λ2 = 5.13 
DirecKon	  of	  straight	  line:	  	  	   	  ry/rx = 0.23 
Straight	  line	  equaKon:	   	   	  y = 0.23 x + 0.54 
	  
	  
	  

22

IP1:	  A	  walk	  through	  the	  lecture	  series	  
	  
	  

from	  Lecture	  12:	  Grouping	  and	  Searching	  
	  
	  

•
•

•
•

•
• •

• x 

y 

What	  is	  the	  best	  straight-‐line	  
approxima&on	  of	  the	  contour?	  

?	  

•	  
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Hough	  Transform	  I	  

23

IP1:	  A	  walk	  through	  the	  lecture	  series	  
	  
	  

from	  Lecture	  13:	  Grouping	  and	  Shape	  Features	  
	  
	  

Robust	  method	  for	  figng	  straight	  lines,	  circles	  or	  other	  geometric	  figures	  which	  can	  
be	  described	  analy&cally.	  

Given:	   	  Edge	  points	  in	  an	  image	  
Wanted: 	  Straight	  lines	  supported	  by	  the	  edge	  points	  

An	  edge	  point	  (xk, yk) supports all straight lines y = mx + c with 
parameters m and c	  such	  that	  yk = mxk + c. 
The	  locus	  of	  the	  parameter	  combinaKons	  for	  straight	  lines	  
through	  (xk, yk) is	  a	  straight	  line	  in	  parameter	  space.	  

m 

c 

yk/xk 

yk 

• 	  Provide	  accumulator	  array	  for	  quanKzed	  straight	  line	  parameter	  combinaKons	  
• 	  For	  each	  edge	  point,	  increase	  accumulator	  cells	  for	  all	  parameter	  combinaKons	  

supported	  by	  the	  edge	  point	  

• 	  Maxima	  in	  accumulator	  array	  correspond	  to	  straight	  lines	  in	  the	  image	  

Principle	  of	  Hough	  transform	  for	  straight	  line	  figng:	  
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Hough	  Transform	  II	  

24

IP1:	  A	  walk	  through	  the	  lecture	  series	  
	  
	  

from	  Lecture	  13:	  Grouping	  and	  Shape	  Features	  
	  
	  

For	  straight	  line	  finding,	  the	  parameter	  pair	  (r,	  γ)	  is	  commonly	  used	  because	  it	  avoids	  
infinite	  parameter	  values:	  	  

xk cos(γ) + yk sin(γ) = r x 
r 

γ 

(xk, yk) 

x 

y 

Each	  edge	  point	  (xk, yk)	  corresponds	  to	  a	  
sinusoidal	  in	  parameter	  space:	  

π 2π 
γ 

r 

Important	  improvement	  by	  exploi&ng	  direc&on	  informa&on	  at	  edge	  points:	  	  
(xk, yk, φ) xk cos(γ) + yk sin(γ) = r restricted	  to	  	  	  φ-δ ≤ γ ≤ φ+δ 

direcKon	  tolerance	  gradient	  direcKon	  
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Simple	  2D	  Shape	  Features	  
	  
	  
	  
	  
	  
In	  such	  cases	  simple	  2D	  shape	  features	  may	  be	  useful,	  such	  as:	  
•  area	  
•  boxing	  rectangle	  
•  boundary	  length	  
•  compactness	  
•  second-‐order	  momentums	  
•  polar	  signature	  
•  templates	  
Features	  may	  or	  may	  not	  have	  invariance	  properKes:	  
•  2D	  translaKon	  invariance	  
•  2D	  rotaKon	  invariance	  
•  scale	  invariance	  

25

IP1:	  A	  walk	  through	  the	  lecture	  series	  
	  
	  

from	  Lecture	  13:	  Grouping	  and	  Shape	  Features	  
	  
	  

For	  industrial	  recogni&on	  tasks	  it	  is	  ojen	  required	  to	  dis&nguish	  
• 	  a	  small	  number	  of	  different	  shapes	  
• 	  viewed	  from	  a	  small	  number	  of	  	  different	  view	  points	  
• 	  with	  a	  small	  computa&onal	  effort.	  
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Basic	  Terminology	  for	  Palern	  Recogni&on	  

26

IP1:	  A	  walk	  through	  the	  lecture	  series	  
	  
	  

from	  Lecture	  15:	  Pa]ern	  RecogniKon	  
	  
	  
	  

feature	  extrac&on	  

feature	  vector	  

object	  

classifica&on	  in	  
feature	  space	  

object	  class	  

K
N
!xT = x1  x2  ... xN( )
!yT = y1  y2  ... yN( )
!yi
(k )

Mk

gk
!x( )

classes	  ω1	  ...	  ωK	  

dimension	  of	  feature	  space	  

	   	  	  	  	  	  	  feature	  vector	  

	  	  	  	  	  	  prototype	  (feature	  vector	  with	  
	  	  	  	  	  	  known	  class	  membership)	  

i-‐th	  prototyp	  of	  class	  k	  

number	  of	  prototypes	  for	  class	  k	  

discriminant	  funcKon	  for	  class	  k	  

Problem:	  Determine	  	  	  	  	  	  	  	  	  	  	  such	  that	  

∀!x∈ωk

∀
k≠ j
gk
!x( ) > gj

!x( )

gk
!x( )
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Perceptron	  Learning	  Rule	  
A	  soluKon	  vector	  a	  can	  be	  determined	  iteraKvely	  by	  minimizing	  a	  criterion	  
funcKon	  	  	  	  	  	  	  	  	  by	  gradient	  descent.	  
Perceptron	  criterion	  func&on:	  

	  

	  with	  B = {all	  misclassified	  prototypes}	  
	  

Basic	  gradient	  descent	  algorithm:	  

Gradient:	  	  	  	  

Step:	  	  

Weight	  vector	  	  	  	  	  is	  modified	  in	  negaKve	  
gradient	  direcKon!	  

	  
	  
	  

27

IP1:	  A	  walk	  through	  the	  lecture	  series	  
	  
	  

from	  Lecture	  15:	  Pa]ern	  RecogniKon	  
	  
	  
	  

iteraKons	  viewed	  in	  weight	  space	  

Example	  (see	  illustra&on)	  with:	  

a0 

a1 

o 

o 

k  0  1  2  3  4  5  6  7  8 
 0  2  0  2  0  2  4  2  4 
 1  -1  3  1  5  3  1  5  3 

• 

• 

• • 

• 

• 

• 

• 

• 

soluKon	  

Jp(
!a) = −

!aT !y( )
y∈B
∑

∇Jp(
!a) = −

!y( )
y∈B
∑

!ak+1 =
!ak + ρk

!y( )
y∈B
∑

!a

J(!a)

!y (1)

!y (2)

!y1 = −1  2( )T  ,  
!y2 = −1  1( )T  ,  ρ = 2

!ak
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Sta&s&cal	  Decision	  Theory	  
	  
	  
	  

Advantages:	  
1.  The	  classificaKon	  scheme	  may	  be	  designed	  to	  saKsfy	  an	  objecKve	  

opKmality	  criterion:	  	  
	   	  OpKmal	  decisions	  minimize	  the	  probability	  of	  error.	  

2.  StaKsKcal	  descripKons	  may	  be	  much	  more	  compact	  than	  a	  collecKon	  of	  
prototypes.	  

3.  Some	  phenomena	  may	  only	  be	  adequately	  described	  using	  staKsKcs,	  e.g.	  
noise.	  

	  

28

IP1:	  A	  walk	  through	  the	  lecture	  series	  
	  
	  

from	  Lecture	  16:	  Decision	  Theory	  
	  
	  

Genera&ng	  decision	  func&ons	  from	  a	  sta&s&cal	  characteriza&on	  of	  classes	  
(as	  opposed	  to	  a	  characteriza&on	  by	  prototypes)	  
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General	  Framework	  for	  Bayes	  Classifica&on	  

	  

	  
K	  classes	  
prior	  probability	  that	  an	  object	  of	  class	  k	  will	  be	  observed	  	  

N-‐dimensional	  feature	  vector	  of	  an	  object	  

condiKonal	  probability	  ("likelihood")	  of	  observing	  	  	  	  	  given	  that	  the	  object	  
belongs	  to	  class	  ωK 

condiKonal	  probability	  ("posterior	  probability")	  that	  an	  object	  belongs	  to	  
class	  ωK	  given	  	  	  	  	  is	  observed 	   	   	  	  
	  

29

IP1:	  A	  walk	  through	  the	  lecture	  series	  
	  
	  

from	  Lecture	  16:	  Decision	  Theory	  
	  
	  
	  

Sta&s&cal	  decision	  theory	  minimizes	  the	  probability	  of	  error	  for	  
classifica&ons	  based	  on	  uncertain	  evidence	  

Bayes	  decision	  rule:	  
Classify	  given	  evidence	  	  	  	  as	  class	  ω´ such	  that	  ω´ 	  minimizes	  the	  probability	  of	  error	  
	  
	  	  	  à	  Choose	  ω´	  which	  maximizes	  the	  posterior	  probability	  

	  	  	  	  	  	  	  	  	  	  	  	  are	  discriminant	  funcKons.	  	  

ω1...ωK

P(ωk )
!xT = x1... xN( )
p !x ωk( )
P ωk

!x( )

!x

!x

!x
P ω ≠ "ω

!x( )
P ω

!x( )
gi
!x( ) = P ωi

!x( )
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Mo&on	  Analysis	  
MoKon	  analysis	  of	  digital	  images	  is	  based	  on	  a	  temporal	  sequence	  of	  image	  
frames	  of	  a	  coherent	  scene.	  

	  "sparse	  sequence"	  	  	  	  à 	  few	  frames,	  temporally	  spaced	  apart,	  	  
	   	   	   	   	   	  considerable	  differences	  between	  frames	  
	  "dense	  sequence"	  	  	  	  	  à 	  many	  frames,	  incremental	  Kme	  steps,	  
	   	   	   	   	   	  incremental	  differences	  between	  frames	  
	  video 	   	  	  	  	  	  	  	  	  	  	  	  	  	  à 	  50	  half	  frames	  per	  sec,	  interleaving,	  	  
	   	   	   	   	   	  line-‐by-‐line	  sampling	  

MoKon	  detecKon	  
Register	  locaKons	  in	  an	  image	  sequence	  which	  have	  changed	  due	  to	  moKon	  

Moving	  object	  detecKon	  and	  tracking	  
Detect	  individual	  moving	  objects,	  determine	  and	  predict	  object	  trajectories,	  track	  
objects	  with	  a	  moving	  camera	  

DerivaKon	  of	  3D	  object	  properKes	  
Determine	  3D	  object	  shape	  from	  mulKple	  views	  ("shape	  from	  moKon")	  

30

IP1:	  A	  walk	  through	  the	  lecture	  series	  
	  
	  

from	  Lecture	  17:	  MoKon	  Analysis	  1	  
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Op&cal	  Flow	  Constraint	  Equa&on	  

 
 

Assumptions: 
•  Observed brightness is constant over time (no illumination changes) 

•  Nearby image points move similarly (velocity smoothness constraint) 

For	  a	  conKnuous	  image	  g(x, y, t) a	  linear	  Taylor	  series	  approximaKon	  gives	  
	   	   	   	   	   	   	   	   	   	   	   	   	  	  	  with:	  

For	  moKon	  without	  illuminaKon	  change	  we	  have	  
	  

Hence 	   
	  

31

IP1:	  A	  walk	  through	  the	  lecture	  series	  
	  
	  

from	  Lecture	  17:	  MoKon	  Analysis	  1	  
	  
	  

Op&cal	  flow	  is	  the	  displacement	  field	  of	  surface	  elements	  of	  a	  scene	  during	  an	  
incremental	  &me	  interval	  dt	  ("velocity	  field").	  

gx ≈ Δg/Δx,  gy ≈ Δg/Δy,  gt ≈ Δg/Δt  may	  be	  esKmated	  from	  the	  spaKal	  and	  temporal	  
surround	  of	  a	  locaKon	  (x, y),	  hence	  the	  opKcal	  flow	  constraint	  equaKon	  provides	  one	  
equaKon	  for	  the	  two	  unknowns	  u	  and	  v.	  	  

g(x + dx,  y+ dy,  t + dt) ≈  g(x,  y,  t) +  gxdx  +  gydy +  gtdt  =  0 ∇Tg =  gx  gy  gt( )

g(x + dx,  y+ dy,  t + dt) =  g(x,  y,  t)
dx
dt
gx +

dy
dt
gy = gxu+ gyv = −gt Op&cal	  Flow	  Constraint	  Equa&on	  (OFCE)	  

with:	  u,	  v	  velocity	  components	  
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3D	  Mo&on	  Analysis	  Based	  on	  	  
2D	  Point	  Displacements	  

32

IP1:	  A	  walk	  through	  the	  lecture	  series	  
	  
	  

from	  Lecture	  18:	  MoKon	  Analysis	  2	  
	  
	  

2D	  displacements	  of	  points	  
observed	  on	  an	  unknown	  
moving	  rigid	  body	  may	  provide	  
informaKon	  about	  	  
•  the	  3D	  structure	  of	  the	  points	  
•  the	  3D	  moKon	  parameters	  

Cases	  of	  interest:	  
•  staKonary	  camera,	  moving	  object(s)	  
•  moving	  camera,	  staKonary	  object(s)	  
•  moving	  camera,	  moving	  object(s)	  

camera	  mo&on	  parameters	  	  
may	  be	  known	  

Rota&ng	  cylinder	  experiment	  
by	  S.	  Ullman	  (1981)	  
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Essen&al	  Matrix	  

33

IP1:	  A	  walk	  through	  the	  lecture	  series	  
	  
	  

from	  Lecture	  18:	  MoKon	  Analysis	  2	  
	  
	  

Geometrical	  constraints	  derived	  from	  2	  views	  of	  a	  point	  in	  moKon	  

	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  and	  	  	  	  	  	  	  	  	  	  are	  coplanar: 	  	  

Ager	  some	  manipulaKon:	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  E = essenKal	  matrix	  

	   	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  with 	  	   	   	  	  	  	  	  	  	  	  	  and	  	  

z 

x 

y 

• 
•

Rm 

•
!nm+1

!nm

!vm !vm+1
!
tm

•  moKon	  between	  image	  m	  and	  m+1 may	  be	  
decomposed	  into	  

1. 	   	  rotaKon	  Rm	  about	  origin	  of	  coordinate	  
	  system	  (=	  opKcal	  center)	  

2. 	   	  translaKon	  
•  observaKons	  are	  given	  by	  direcKon	  vectors	  

	  	  	  	  	  and	  	  	  	  	  	  	  	  	  	  along	  projecKon	  rays.	  

!
tm

!nm
!nm+1

Rm
!nm, 
!
tm

!nm+1
!
tm ×Rm

!nm( )T !nm+1 = 0
!nmEmnm+1 = 0
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| | |!
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!r1
!
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!
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!r3

| | |

"

#

$
$
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&

'
'
'
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| | |
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&
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Generality	  Assump&on	  

34

IP1:	  A	  walk	  through	  the	  lecture	  series	  
	  
	  

from	  Lecture	  19:	  Camera	  Geometry	  and	  	  3D	  Image	  Analysis	  
	  
	  
	  

Assume	  that	  	  
	  -‐	  	  viewpoint	  
	  -‐	  	  illumina&on	  
	  -‐	  	  physical	  surface	  proper&es	  

are	  all	  general,	  i.e.	  do	  not	  produce	  coincidental	  structures	  in	  the	  image.	  

Example:	  	  	  
Do	  not	  interpret	  this	  figure	  as	  a	  3D	  
wireframe	  cube,	  because	  this	  view	  
is	  not	  general.	  

General	  
view:	  

The	  generality	  assumpKon	  is	  the	  basis	  for	  several	  specialized	  interpretaKon	  
methods,	  e.g.	  

	  -‐	  	  shape	  from	  texture	  
	  -‐	  	  shape	  from	  shading	  
	  ...	  
	  -‐	  	  "shape	  from	  X"	  	  

29.01.15 University of Hamburg, Dept. Informatics



3D	  Line	  Orienta&on	  from	  	  
Vanishing	  Points	  

35

IP1:	  A	  walk	  through	  the	  lecture	  series	  
	  
	  

from	  Lecture	  19:	  Camera	  Geometry	  and	  	  3D	  Image	  Analysis	  
	  
	  
	  

From	  the	  laws	  of	  perspec&ve	  
projec&on:	  
The	  projecKons	  of	  3D	  parallel	  
straight	  lines	  intersect	  in	  a	  single	  
point,	  the	  vanishing	  point.	  	  

Assume	  that	  more	  than	  2	  straight	  
lines	  do	  not	  intersect	  in	  a	  single	  
point	  by	  coincidence	  	  
	  
	  
	  
If	  more	  than	  2	  straight	  lines	  
intersect,	  assume	  that	  they	  are	  
parallel	  in	  3D	  
29.01.15 University of Hamburg, Dept. Informatics



Principle	  of	  Shape	  from	  Shading	  

36

IP1:	  A	  walk	  through	  the	  lecture	  series	  
	  
	  

from	  Lecture	  20:	  Shape	  from	  Shading	  
	  
	  

Physical	  surface	  properKes,	  surface	  orientaKon,	  illuminaKon	  and	  viewing	  direcKon	  
determine	  the	  greyvalue	  of	  a	  surface	  patch	  in	  a	  sensor	  signal.	  

For	  a	  single	  object	  surface	  viewed	  in	  one	  image,	  greyvalue	  changes	  are	  mainly	  caused	  
by	  surface	  orienta&on	  changes.	  
The	  reconstrucKon	  of	  arbitrary	  surface	  shapes	  is	  not	  possible	  because	  different	  
surface	  orientaKons	  may	  give	  rise	  to	  idenKcal	  greyvalues.	  

Surface	  shapes	  may	  be	  uniquely	  reconstructed	  from	  shading	  informaKon	  if	  possible	  
surface	  shapes	  are	  constrained	  by	  smoothness	  assump&ons.	  

See	  "Shape	  from	  Shading"	  (B.K.P.	  Horn,	  M.J.	  Brooks,	  eds.),	  MIT	  Press	  1989	  

a:	   	  patch	  with	  known	  orientaKon	  
b, c:	   	  neighbouring	  patches	  with	  similar	  orientaKons	  	  
b´: 	  radical	  different	  orientaKon	  may	  not	  be	  neighbour	  of	  a	  

Principle	  of	  incremental	  procedure	  for	  surface	  shape	  reconstrucKon:	  

a 
b 

c 
b´ 
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Object	  Recogni&on	  by	  	  
Rela&onal	  Matching	  

Principle: 
–  construct relational model(s) for object class(es) 

–  construct relational image description 

–  compute R-morphism (best partial match) between image and model(s) 

–  top-down verification with extended model  
	  

37

IP1:	  A	  walk	  through	  the	  lecture	  series	  
	  
	  

from	  Lecture	  21:	  Object	  RecogniKon	  1	  
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SIFT	  Method	  
David	  G.	  Lowe:	  DisKncKve	  Image	  Features	  from	  Scale-‐Invariant	  Keypoints	  
InternaKonal	  Journal	  of	  Computer	  Vision,	  2004	  (Protected	  by	  US	  patent)	  

Lowe	  developed	  specific	  methods	  for:	  

1.  Determining	  invariant	  local	  descriptors	  at	  interest	  points	  

•  finding	  stable	  interest	  points	  ("keypoints")	  

•  compuKng	  largely	  scale-‐invariant	  features	  at	  interest	  points	  

2.  ExtracKng	  stable	  descriptors	  for	  object	  models	  

3.  Finding	  and	  recognizing	  objects	  based	  on	  local	  descriptors	  

	  
38

IP1:	  A	  walk	  through	  the	  lecture	  series	  
	  
	  

from	  Lecture	  22:	  Object	  RecogniKon	  2	  
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Basic	  Building	  Blocks	  for	  	  
High-‐level	  Scene	  Interpreta&on	  

39

IP1:	  A	  walk	  through	  the	  lecture	  series	  
	  
	  

from	  Lecture	  23:	  High	  Level	  Vision	  
	  

geometrical	  
scene	  descrip&on	  (GSD)	  

image	  sequences	  of	  dynamic	  scenes	  

high-‐level	  	  
scene	  interpreta&ons	  

scene	  models	  

vision	  memory	  

memory	  templates	  context	  
informa&on	  
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Occurrence	  Models	  

•  An	  occurrence	  model	  describes	  a	  class	  of	  occurrences	  by:	  
–  properKes	  
–  sub-‐occurrences	  (=	  components	  of	  the	  occurrence)	  
–  relaKons	  between	  sub-‐occurrences	  

•  A	  primiKve	  occurrence	  model	  consists	  of	  
–  properKes	  
–  a	  qualitaKve	  predicate	  

•  Each	  occurrence	  has	  a	  begin	  and	  end	  Kme	  point	  	  

40

IP1:	  A	  walk	  through	  the	  lecture	  series	  
	  
	  

from	  Lecture	  23:	  High	  Level	  Vision	  
	  

Basic	  ingredients:	   	  • 	  relaKonal	  structure	  
	   	   	   	  • 	  taxonomy	  
	   	   	   	  • 	  partonomy	  
	   	   	   	  • 	  spaKal	  relaKonal	  language	  
	   	   	   	  • 	  temporal	  relaKonal	  language	  
	   	   	   	  • 	  object	  appearance	  models	  
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Basic	  Interpreta&on	  Algorithm	  

41

IP1:	  A	  walk	  through	  the	  lecture	  series	  
	  
	  

from	  Lecture	  23:	  High	  Level	  Vision	  
	  

Enter	  context	  informaKon	  
Repeat	  

	  Check	  for	  goal	  compleKon	  
	  Check	  for	  new	  evidence	  
	  Determine	  possible	  interpretaKon	  steps	  and	  update	  agenda	  
	  Select	  from	  agenda	  one	  of	  
	   	  {	  	  evidence	  matching,	  
	   	  	  	  	  aggregate	  instanKaKon,	  
	   	  	  	  	  aggregate	  expansion,	  
	   	  	  	  	  instance	  specializaKon,	  
	   	  	  	  	  parameterizaKon,	  
	   	  	  	  	  constraint	  propagaKon	  }	  
	  Check	  for	  conflict	  

end	  

Conflict	  =	  unsa&sfiable	  constraint	  net	  

!need	  for	  backtracking	  or	  parallel	  alterna&ve	  threads	  
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