
1

Im a ge Com p let ion  w i t h  
S t r u ct u r e P r op a ga t ion

(or : Do N OT t r u st  d ig i t a l  im a ges [a n ym or e]!)

(ACM SIGGRAPH 2005)
[J ian  S un , Lu  Y uan , J iaya J ia, Heung-Y eung S hum ]



2

Th e t h in gs you  h a ve t o h ea r :

• In t roduct ion/Mot iva t ion :

– In  what  context  to pu t  it

– Rela ted work |  bu ilding blocks

– That 's cold coffee! (rea lly?)

• Algor ithmic Deta ils:

– Overa ll usage

– The method in  deta il
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... (con t .)

• Performance/compar ison

– Advantages/disadvantages

– limit s

• Conclusion

– Applicability

– Future use
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In t r od u ct ion /Mot iva t ion

• Context

– 2D image reconst ruct ion

• No addit iona l dimension , such  as t ime.

– Data  sources: pictu res; or , in  a  more genera l view: 
measurements from the rea l wor ld.

• Rela ted work

– Image inpa in t ing: sm all gaps, th in  structures

– Example-based approaches

– Approaches with  in teract ion
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Cold  coffee?

• The “usua l” approach

– Development  over  years, every t ime a  lit t le 
improvement

– Severa l pa ths fina lly join  to form an  “except iona l” 
resu lt

• This a lgor ithm's base observa t ions:

– Only few well-defined curves a re necessary

– There exist s an  syn thesis order ing



6

Is i t  r ea l ly a  m i lest on e?
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It  i s  r ea l ly a  m i lest on e?
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Th e m et h od 's st ep s

• User  In teract ion:

– Giving some “hin t s” --> define curve for  sa lien t  
st ructures

• St ructure Propagat ion:

– Reconst ruct  curve in  unknown region  --> crea te 
missing par t  of sa lien t  st ructures

• Texture Propaga t ion:

– Fill the holes: per form texture syn thesis in  the 
unknown regions.
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User  In t er a ct ion

• Given: Image with  bother ing a rea :
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User  In t er a ct ion

• User  select s object  and defines edges:
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Algor i t h m ic p r ocess

• St ructure Propagat ion:
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Algor i t h m ic p r ocess

• Fina l resu lt :
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Th e a lgor i t h m 's p i l la r  n o. 1

• St ructure Propagat ion

– Given  an  image with

• Unknown region

• User -defined curve C

– Sampling of

• known region  a long user -defined curve

–

• unknown region  a long the user -defined curve:

– Anchor  poin t s



{pi }i=1
L

P={P1 ,P2 , ... ,PN}
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Il lu st r a t ion

xi

Pxi

pi

G={V ,E}Graph              --> labeling problem:
for  each  anchor  poin t  we want  to find the label      ou t

of  {1,...,N} and “paste” the cor responding pa tch            a t

posit ion
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En er gy m in im iz a t ion

EX =∑
i∈V

E1xi ∑
i , j∈E

E2xi ,x j

E1 x i=ks⋅ESxik i⋅EI x i

ESxi=d ci ,cxi
d cxi

,ci

d ci , cx i
= 1

Ns
∑

s
∥dist ci s ,cxi

∥2

• We want  to min imize the energy globa lly

X={x i}i=1
L

EI xi=
1

Ns'
∑
s'

diff P xis'−bi s'²
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En er gy m in im iz a t ion

d ci ,cx i
=∑

s
∥dist ci s ,cx i

∥2

Es x i=dci ,cx i
d cx i

,ci
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En er gy m in im iz a t ion

EI xi

E2 xi ,x j

E X =∑
i∈V

E1xi ∑
i , j∈E

E2xi , x j
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Tw o a p p r oa ch es

i Dynam ic Program m ing for  a  single user  
defined curve

ii Belief Propagation  for  mult iple in tersect ing 
curves
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Dyn a m ic P r ogr a m m in g

• Big table (remember  Info II)

• Define the cumula t ive min imal cost  from 
node 1 to node i for  a ll possible

•  The opt imal label of node L is then

xi

Mi xi=E1ximinx i−1
{E2 x i−1 , xiMi−1x i−1}

xL
*=argminxL

ML xL 
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N ow  t h e h a r d er  p a r t : 
m u lt ip le in t er sect in g  cu r ves

• Belief Propaga t ion  

– is a  probability inference a lgor ithm

– uses message passing between  two neighbor ing 
nodes

– it era t ive procedure

– uses only a  neighborhood of each  node in  order  to 
ca lcu la te min imal energy. But  do th is for  a  
maximal itera t ion  count  of T where T = max. dist . 
between two nodes
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Bel ief P r op a ga t ion

• In it ia liza t ion : 

• Itera t ion  from t=1 to T:

• Opt imal label computa t ion :

Mij
0=0

Mij
t=minx i

{E1 x iE2xi , x j ∑
k≠ j ,k∈ N i

Mki
t−1}

xi
*=argminx i

{E1xi ∑
k∈ N i

Mki
T }
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Bel ief P r op a ga t ion

●

●

●

Mij
0=0

Mij
t=minx i

{E1 x iE2xi ,x j ∑
k≠ j ,k∈ N i

Mki
t−1}

xi
*=argminx i

{E1xi ∑
k∈ N i

Mki
T }

it erat ion  cou n t

local n eigh borh ood
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Gr a sp in g br ea t h : 
w h er e a r e w e?

• The a lgor ithm now has reconst ructed the 
image a long the user -defined curve

• Now we need to

– Fill the “holes”

– Do photometr ic cor rect ion
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Text u r e P r op a ga t ion

• Other  approaches use the whole image as a  
“pool” for  their  t exture synthesis...

--> ir relevant  in format ion  may ga in  impor tance...

• This a lgor ithm is br igh ter :
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P h ot om et r ic cor r ect ion

• Neighbor ing sampled pa tches may produce a  
“seam”

– Binary masks

– Defin ing Poisson  Eqs.

– Blending the color -edges.
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Over com e t h e la ck  of 

in for m a t ion
• Somet imes there simply a re not  enough 

exist ing sample pa tches, i.e. the ra t io              
                       is too small.knowncurve
unknowncurve

*=argmin{dR cx i
; ,cidci ,R cx i

;}
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P er for m a n ce a n a lysi s (+)

Start point

Drori et al. 03

SP
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P er for m a n ce a n a lysi s (-)
(a  p a t h olog ica l  exa m p le)
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Lim i t s

• Images with  layered object s:

• Insufficient  number  of samples (cf. Einstein)

– But  tha t  is an  inheren t  problem of these kind of 
a lgor ithms...
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Th e fu t u r e

• The idea  a lmost  get s forced on: The authors 
plan  to develop it  fur ther , in  order  to be 
applicable to video and meshes.

• Other  graphics applica t ions:

– Iden t ifica t ion  (customs, forensic, etc.)

– Observa t ion  (Main  sta t ion  cameras, cr iminology, ...)

– Archives (pa in t ings, la ter : sculptures/buildings...)

– ...
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J u m p in g ba ck :

“cold  coffee”?
• Actua lly, yes :) - or ... not  rea lly: another  

fu ture use.


