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Abstract specify the curves on which the most salient missing struc-
tures reside, while Drorét al. [3] use “points of interest”.

A new exemplar-based framework unifying image com- Also, a few approaches rely on having a segmentation of
pletion, texture synthesis and image inpainting is presgint the input imageT]. But natural images segmentation is an
in this work. Contrary to existing greedy techniques, these extremely dif cult task and no general method for reliably
tasks are posed in the form of a discrete global optimization solving it currently exists. Finally, recent exemplar-ds
problem with a well de ned objective function. For solving methods also place emphasis on the order by which the im-
this problem a novel optimization scheme, called Priority- age synthesis proceeds, usually using a con dence map for
BP, is proposed which carries two very important exten- this purposef, 3]. However, two are the main shortcomings
sions over standard belief propagation (BP): “priority- of such techniques. First, the con dence map is computed
based message scheduling” and “dynamic label pruning”. based on heuristics and ad hoc principles that may not ap-
These two extensions work in cooperation to deal with the ply in the general case and second, once an observed patch
intolerable computational cost of BP caused by the huge has been assigned to a missing block of pixels, that block
number of existing labels. Moreover, both extensions are cannot change its assigned patch thereafter. This last fact
generic and can therefore be applied to any MRF energy reveals the greediness of these techniques, which may again
function as well. The effectiveness of our method is demondead to visual inconsistencies. To overcome all thesedimit
strated on a wide variety of image completion examples. tions, a new exemplar-based approach for image completion

is proposed which makes the following contributions:
1. Introduction 1) Contrary to greedy synthesis methods, we pose image
completion as a discrete global optimization problem with a

Based only on the observed part of an incomplete im- \e|| de ned objective function2) Our formulation applies
age, the goal of image completion is to Il its (possibly not only to image completion but also to texture synthesis
large) missing part so that a visually plausible outcome is gng image inpainting, thus providing a uni ed framework
obtained. Compared to statistical-basgd] or PDE-based  for gl of these tasks3) No user intervention is required by
methods {] (which are mostly suitable for texture synthe- oyr method, which manages to avoid greedy patch assign-
sis or inpainting respectivelyxemplar-basedechniques  ments by maintaining (throughout its execution) many can-
have been the most succe;sful in dealing with this PrOb'didate source patches for each block of missing pixd)s.
lem up to now. Here one tries to Il the unknown region Ty this end, a novel optimization scheme is proposed, the
simply by copying pixels or source patches from the ob- “pyiority-BP” algorithm, which carries 2 major improve-
served part of the imagé®,[4]. Starting with the seminal  ments over standard belief propagatiditabel pruning”
work in [4], these methods have been mainly used for the and “priority-based message scheduling'Together, they
purpose of texture synthesis while, recently, a few authorsying 3 dramatic reduction in the overall computationatcos
have tried to extend them to image completion as well. In of Bp which would otherwise be intolerable due to the huge
this case, however, a major drawback of these approachegymper of existing labels. We should nally note that both

stems from their greedy way of lling the image, which eytensions are generic and can be used for the optimization
can often lead to visual inconsistencies. Some methods tryof any MRF {.e. a wide class of problems in vision).

to alleviate this problem by taking a more global approach

and using an EM-like scheme for optimizing the comple- 2 |mage completion as a discrete global opti-
tion process§, 13. EM, however, is known to be partic- mization problem

ularly sensitive to initialization and can be trapped topoo
local minima. Other methods require assistance from the Given an input imagé, as well as darget regionT and
user instead.E.g. Jian Sunet al. [12] require the user to  asource regiors (whereS is always a subset o T ), the



goal of image completion is to IIT in a visually plausible

way simply by copying patches froB. We propose to turn ; }
this into a discrete optimization problem with a well de ned v
objective function. To this end, we propose the use of the 7
following discrete Markov Random Field (MRF): T
The labeld of the MRF will consist of aliv£ h patches
from the source regio®'. For de ning the nodes of the (2) MRF nodes and edges (b) MRF potentials

MRF, an image lattice will be used with an horizontal and g 1. (a) An MRF withw = 2 gap,; h = 2gap, (b) For bound-
vertical spacing ofjap, andgap, pixels respectively. The  ary noden; its label cosV (1) will be an SSD over the red region,
MRF nodesf nigl; will be all lattice points whosev £ h while for nodesn. ;n  their potentialVv. (I;1° will be an SSD
neighborhood intersects the target region, while the eBiges over the green region. Interior nodg has zero label costs.
of the MRF will make up a 4-neighborhood system on that
lattice (see Figuré(a)). the-art optimization method) to our energy function. Un-
The single node potentiadf; (1) (calledlabel costhere- fortunately, however, this was not feasible. The reason was
after), for placing patch over noden;, will encode how  the intolerable computational cost of BP caused by the huge
well that patch agrees with the source region arounand number of existing labels. Motivated by this fact, one other
will equal the following sum of squared differences (SSD): major contribution of this work is the proposal of a novel
X i ¢, MRF optimization scheme, called Priority-BP, that can deal
Vi(l) = M (ni+p) To(ni+p)il o(l+p) 5 (2) exactly with this type of problems and carries two signi -
P2li % ¥IEL 5 %I cant extensions over standard BP: one of them, called
namic label pruningis based on the key idea of drastically
reducing the number of labels. However, instead of this hap-
pening beforehand (which will almost surely lead to throw-
ing away useful labels), pruning takes place on thei.g.(
while BP is running) with a (possibly) different number of
labels kept for each node. The important thing to note is
that only the beliefs calculated by BP are used for that pur-
pose. Furthermore, the second extension, cailéatity-
based message schedulimgakes use of label pruning and
allows us to always send cheap messages between the nodes
of the graphical model. Moreover, it considerably improves
BP's convergence, thus accelerating completion even fur-
ther.

X X The signi cance of our contribution also grows due to
E(ffig=  vi(fi)+ v (i) (2)  the fact that (as we shall see) Priority-BP is a generic algo-
i=1 (ij )2E rithm applicable to any MRF energy function. It therefore

Intuitively, any algorithm optimizing this energy is rough resolves what is currently considered one of the main lim-

solving a huge jigsaw puzzle where source patches are thd@tions of BP: its inef ciency to handle problems with a
puzzle pieces while regiof represents the puzzle itself. huge number of labels. In fact, this issue has been a highly

One important advantage of our formulation is that it also aCtive research topic over the last years. Until now, how-
provides a uni ed framework for texture synthesis and im- €Ver, the techniques that have been proposed were valid

age inpainting E.g. to handle texture synthesis (where one ONly for restricted classes of MRFS][ Not only that but
wants to extend an input textuf to a larger regiorT;) our priority-based message scheduling scheme can be used

one suf ces to se6 = ToandT = Ty To. Moreover, our (independently of label pruning) as a general method for

framework allows the use of (what we cdi§ompletion by ~ accelerating the convergence of BP.
energy re nement"techniques, one example of which we

will see later. 3.1. Priority-based message scheduling

R

whereM (¢ is a binary mask non zero only in regich
(obviously, due to this de nition, the label costs of intari
nodesj.e. nodes whos& £ h neighborhood does not inter-
sectS, will be all zero). In a similar fashion, the pairwise
potentialVj (I;19), due to placing patchds! ® over neigh-
borsn;; n;, will measure how well these patches agree at
the resulting region of overlap and will again be given by the
SSD over that region (see Figutéb)). Note thatgap, and
gap, are set so that such a region of overlap always exists.

Based on this formulation, our goal will then be to as-
sign a label; 2 L to each node; so that the total energy
E(fﬂg) of the MRF is minimized where:

3. Priority-BP BP is an iterative algorithm, which works by propagating
local messages along the nodes of an MRE, p]. Mes-
sages sent from nodwg to noden; form a sef m; (1)gia. ,
where elemenin;; (1) indicates how likely nod@; thinks
"Hereafter each label.¢. patch) will be represented by its center pixel ~ that noden; should be assigned lablelFurthermore, mes-

Furthermore, an additional advantage would be that we
can now hopefully apply belief propagatiore( a state-of-




sages are updatetlg, sent) until convergence as follots
. © é
mj; (|):ﬁf_“2|’|] Vi(li)+ Vi (lis )+ mii (l)  (3)
' k:k6 j; (ki )2E

After convergence, a set of beliefg (1)g2. is computed
for each node, where beligf(l) is de ned as follows:
()= Vi(l)i My (1) (4)
k:(k;i )2E
b (I) approximates the max-marginal of the posterior at
noden; and is therefore roughly related to how likely label

rst time that message scheduling is used in this manner for
general graphical models. Roughly, our message schedul-
ing scheme will be based on the notion of priorities that are
assigned to the nodes of the MRF. Any such priority will
represent a node's con dence about which labels to prefer
and will be dynamically updated throughout the algorithm's
execution. Our message scheduling will then obey the fol-
lowing simple principle:

Message-scheduling principle.The node most con dent
about its labels should be the rstone (i.e. it has the highes
priority) to transmit outgoing messages to its neighbors.

| is for that node. Based on this fact, a node is then assignedrhere are two reasons why one may want to do this. The

the label of maximum belief, i.€} = argmax;z. K(l). It

rstis that the more con dent a node is, the more label prun-

is known that, for tree structured graphs, BP always givesing it can tolerate (before sending its outgoing messages)

the optimal solution, while, for graphs with loops, it can
only guarantee to nd a local optimum.

In this form, however, BP is impractical for problems
with a large number of labels like ours. In particulajLif is

and therefore the cheaper these messages will be. The sec-
ond reason is that we also help other nodes become more
amenable to pruning this way. Intuitively, this happens be-
cause the more con dent a node is, the more informative

the total number of labels (which, in our case, can be manyits messages are going to be, meaning that these messages
many thousands) then just the basic operation of updatingcan help the neighbors of that node to increase their own

the messages from one nodg to another node; takes
O(jLj ?) time. In fact the situation is much more worse for

con dence and thus become more tolerable to pruning as
well. Furthermore, by rst propagating the most informa-

us. The huge number of labels also implies that for any pair tive messages around the graphical model we also help BP

of adjacent nodes;, n; their matrix of pairwise potentials
Vi (¢ ¢ is so large that cannot tinto memory and therefore

to converge much faster. This has been veri ed experimen-
tally as well. E.g. Priority-BP never needed more than a

be precomputed. That matrix therefore must be reestimatecsmall xed number of iterations to converge for all of our

every time node; sends its messages to nage mean-

ing thatjLj 2 SSD calculations (between image patches) are

needed for each such update.
To deal with this issue we will try to reduce the number
of labels by exploiting the beliefs calculated by BP. How-

ever not all nodes have beliefs which are adequate for this
purpose in our case. To see that, it suf ces to observe that

the label costs at all interior nodes are all equal to zerds Th
in turn implies that the beliefs at an interior node will ini-
tially be all equal as well, meaning that the node is “uncon-
dent” about which labels to prefer. No label pruning may

therefore take place and so any message originating from

that node will be very expensive to calculate, it will take

O(jLj) time. On the contrary, if we had a node whose labels
could be pruned (and assuming that the maximum number

of labels after pruning ik max With Lmax ¢ jLj ) then any
message from that node would take oBI{L 5« ) time.
Based on this observation, we therefore propose to use
a speci ¢ message scheduling scheme whose goal will be
twofold. On on hand, it will make label pruning possi-
ble and favor the circulation of cheap messages. On the

image completion examples.

Algorithm 1 Priority-BP
assign priorities to nodes and declare them uncommitted
for k =1 toK dofK isthe number of iteratioms
executeForwardPassand therBackwardPass
assign to each nods its labell} that maximizes (¢

ForwardPass:
for time =1 toN dofN is the number of nodegs
n; = “uncommitted” node of highest priority
apply “label pruning” to noda;
forwardOrder[time] =n;; n;! committed = true;
for any “uncommitted” neighbom; of noden; do
send all messages;; (§ from noden; to noden;
update belief§ (9 as well as priority of node;

BackwardPass:
for time =N to1do

n; = forwardOrder[time];n;! committed = false;

for any “committed” neighbon; of noden; do
send all messages;; (§ from noden; to noden;
update beliefsy (§ as well as priority of node;

other hand, it will speed up BP's convergence. This issue
of BP message scheduling, although known to be crucial
for the success of BP, it has been largely overlooked until
now. Also, to the best of the authors' knowledge it is the

A pseudocode description of Priority-BP is contained in
algorithm 1. Each iteration of Priority-BP is divided into a
forward and a backward pass. The actual message schedul-
ing mechanism as well as label pruning takes place during

2We work in thej log domain so we use the min-sum version of BP



. appropriate for a very wide class of problems.
\ /0'1 In particular our de nition of con dence (and therefore
'] ._’O 3 ] HP H
P, priority as well) for noden; will depend only on the current
‘/ 0.1 set of beliefd b (1)g2. that have been estimated by the BP
algorithm for that node. Based on the observation thatbelie
Fig. 2. Message scheduling during the forward pass: currently i (1) is roughly related to how likely labélis for noden;,
only red nodes have been committed and only messages on red@ne way to measure the con dence of this node is simply
edges have been_transmlFted. Am(_)ng uncommltteq nadebl(e by counting the number of likely labeks.g those whose
nodes) the one with the highest prioritye( noden;) willbe com-  pelief exceed a certain threshdighy . The intuition for
mitted next and will also send messages only along the green edgegj js that the greater this number the more labels with high
(e. only o its uncomm'tted .”e'ghbofs" k). Messages along . probability exist for that node and therefore the less con -
dashed edges will be transmitted during the backward pass. Prlor—d nt that node turn t to be about which i ¢ label t
ities are indicated by the numbers inside uncommitted nodes. € atno e.u s ou (.) e.a ou C speci ¢ 1abet o
choose. And vice versa, if this number is small then node

the forward pass. This is also where one half of the mes-Ni heeds to choose its label only among a small set of likely
sages gets transmittetle{ each MRF edge is traversed in labels. Of course only relative beligf$' (1) = b (1)i §"

only one of the 2 directions). To this end, all nodes are vis- (Wherel™ = max,2. bi(l)) matter in this case and so by
ited in order of priority. Each time we visit a node, ssy ~ de ning the setCS(n;) = jfl 2 L : B (I) , buont gj

we mark it as “committed” meaning that we must not visit (Which we will call theconfusion sebf noden; hereafter)
him again during the current forward pass. We also prunethe priority ofn; is then inversely related to the cardinality
its labels and then allow him to transmit its “cheap” (due Of that set:

to pruning) messages to all of its neighbors apart from the priority( n;) = C; (5)
committed ones (as these have already sent a message to JCS(ni)]
during the current pass). The priorities of all neighboset th This de nition of priority also justi es why during ei-

received a new message are then updated and the proces¢Ber the forward or the backward pass we were allowed
continues with the next uncommittede( unvisited) node  to update priorities only for nodes that had just received
of highest priority until no more uncommitted nodes exist. new incoming messages: the reason is that the beliefs (and
The role of the backward pass is then just to ensure thattherefore the priority) of a node may change only if at
the other half of the messages gets transmitted as well. Tdeast one incoming message to that node changes as well
this end, we do not make use of priorities but simply visit (this is trge due to the way beliefs are de nee, b(l) =
the nodes in reverse order (with respect to the order of thei Vi(l)i . (ki)2e Mki (1)) Although we tested other def-
forward pass) just transmitting the remaining unsent mes-initions of priority as well (e.g. by using an entropy-like
sages from each node. For this reason no label pruningmeasure on beliefs) the above criterion for quantifying-con
takes place during this pass. We do update node priorities, dence gave the best results in practice by far.
though, so that they are available during the next forward
pass. 3.3. Applying Priority-BP to image completion
Also, as we shall see, a node's priority depends only on
the current beliefs at that node. One big advantage out of

fjh's Is that l;egpmlg Fhehr.\ode prlorltles upl)—to—(_jat_e_ ca? be advantages of applying our algorithm to image completion
one very efciently in this case since only priorities for 10 1o showing related results.

nodes with newly recgived messages need to'be updatgd. First of all we should mention that although con dence
The message scheduling mechanism is further illustrated in, ¢ already been used for guiding image completion in other

Figure2. works as well 2, 3], our use of con dence differs (with re-
spect to these approaches) in two very important aspects.
The rstis that we use con dence in order to decide upon
It is obvious that our de nition of priority will play a  the order of BP message passing and not for greedily de-
very crucial role for the success of the algorithm. As al- ciding which patch to Il next. These are two completely
ready mentioned, priority must relate to how con dent a different things: the former is part of a principled global
node is about the labels that should be assigned to him withoptimization procedure, whereas the latter just results in
the more con dent nodes having higher priority. An impor- patches that cannot change their appearance after they have
tant thing to note in our case is that the con dence of a node been lled.
will depend solely on information that will be extracted by The second aspect is that in all of the previous ap-
the BP algorithm itself. This makes our algorithm generic proaches the de nition of con dence was mostly based ei-
(i.e. applicable to any MRF energy function) and therefore ther on heuristics or on ad hoc principles that were simply

We pause here for a moment (postponing the description
of label pruning to the next section) in order to stress the

3.2. Assigning priorities to nodes
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Fig. 3. In column (c) darker patches correspond to nodes that atedvesarlier during message scheduling at the rst forward pass
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Fig. 4. The plots in (a), (b) and (c) show the sorted relative beliefs ®MRF nodes a, b and c in gure (d) at the start of Priority-BP.
Relative beliefs plotted in red.€., beons ) correspond to labels in the confusion set. The size of this set deterthanasde's priority.

making use of application-speci ¢ knowledge about the im- plicitly encoded but was, instead, inferred by the algarith
age completion process. On the contrary, as we saw, our This is in contrast to the state-of-the-art method 4h [
de nition of con dence is generic and therefore applicable where the authors had to hardwire isophote-related infor-
to any kind of images. Moreover, this way our method is mation into the de nition of priority {.e. a measure which
placed on rm theoretical grounds. is not always reliably extracted or even appropria@ in
Three examples of applying Priority-BP to image com- images with texture). The corresponding results produced
pletion are shown in Figurg As can be seen, the algorithm by that method are shown in the last column of Figgiren
has managed to Il the missing regions in a visually plausi- these cases only one labeg(patch) is greedily assigned to
ble way. The third column in that gure shows the visiting each missing block of pixels and so any errors made early
order of the nodes during the rst forward pass (based on cannot be later backtracked, thus leading to the observed
our de nition of priority). The darker a patch is in these im- visual inconsistencies. On the contrary, due to our global
ages, the earlier the corresponding node was visited. &lotic optimization approach, any errors that are made during the
how the algorithm learns by itself how to propagate rstthe very rst iterations can be very well corrected later since
messages of the nodes containing salient structure, wher@ur algorithm always maintain not one but many possible
the notion of saliency depends on each speci c cdsg labels for each MRF node. A characteristic case for this is
the nodes that are considered salient for the rst examplethe third example in Figur8 where, unless one employs a
of Figure3 are those lying along the horizon boundary. On global optimization scheme, it is not easy to infer the miss-
the contrary, for the second example of that gure, the al- ing structure.
gorithm prefers to propagate information along the MRF  Also, the plots in Figureg(a), 4(b), 4(c) illustrate our
edges at the interior of the wooden trunk rdthe remark-  de nition of priority in equation §). They display the
able thing is that in both cases such information was not ex- largest 20000 relative beliefs (sorted in descending drder
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Fig. 5.(a) Although the red, green and blue patches correspond to distinct lakmisaria very similar and so only one has to be an active
label for a node. (b) A map with the number of active labels per node (for tA& @xample of Figure3). Darker patches correspond to
nodes with fewer labels. As can be seen, interior nodes often requigslaiels. (c) The corresponding histogram showing the percentage
of nodes using a certain number (in the rahgs, =3 toLmax = 20) of active labels.(d) The active labels for node a in Fig. (a).

that are observed at the very beginning of the algorithm for  In practice we apply label pruning only to nodes whose
each of the MRF nodes; b; cin Figure 4(d) respectively. number of active labels exceeds a user speci ed number
Relative beliefs plotted in red correspond to labels in the L nax . TO this end, when we are about to commit a node we
confusion set. Node, being an interior node, has initially  traverse its labels in order of belief (from high to low) and
all the labels in its confusion set (since their relativadds| each such label is declared active until either no more $abel
are all zero) and is therefore of lowest priority. Ndulstill with relative belief greater thabyune exist or the maxi-
has too many labels in its confusion set due to the uniform mum number of active labels,,x has been reached. In
appearance of the source region around that node. On th¢he case of image completion, however, it turns out that we
contrary node is one of the nodes to be visited early during also have to apply an additional Itering procedure as part
the rst forward pass since only very few labels belong to of label pruning. The problem is that otherwise we may end
its confusion set. Indeed, even at the very beginning, we canup having too many active labels which are similar to each
easily excludei(e. prune) many source patches from being other, thus wasting part of tHe,.x labels we are allowed
labels of that node without the risk of throwing away useful to use. This issue is further illustrated in Figli@) To
labels. This is why Priority-BP prefers to visit him early. this end, as we traverse the sorted labels, we declare a label
as active only if it is not similar to any of the already ac-
3.4. Label pruning tive labels (where similarity is measured by calculating th
SSD between image patches), otherwise we skip that label

ing the nodes of the MRF during the forward pass (in the or- @d 90 to the next one. Alternatively, we apply a cluster-
ing procedure to the patches of all labels beforehang (

der induced by their priorities), we dynamically reduce the ;

number of possible labels for each node by discarding labelscluster them into textons) and then never use more than one

that are unlikely to be assigned to that node. In particular, Ia_bel from each cluster while traversing the sorted Ia_bels.

after committing a node, say, all labels having a very low  Finally, we should note that for all nodes a (user-speci ed)
minimum number of active labelsyi, is always kept.

relative belief an;, say less thabyune , are not considered Pl )
as candidate labels for; thereafter. The remaining labels The net result of label pruning is thus to obtain a compact
and diverse set of active labels for each MRF node (all of

are called théactive labels” for that node. An additional

advantage we gain this way is that after all MRF nodes havetn€m having reasonably good beliefg)g. Figures(b) dis-
pruned their labels at least once (e.g. at the end of the rst Plays the number of active labels used by each of the nodes

forward pass), then we can precompute the reduced matrii" the second example of Figuée The darker a patch is

ces of pairwise potentials (which can now tinto memory) in that gure, the fewer are the active labels of the corre-

and thus greatly enhance the speed of our algorithm. TheSPOnding node. As it was expected, interior nodes often
important thing to note is that “label pruning” relies only reéduire more active labels to use. The corresponding his-

on information carried by the Priority-BP algorithm itself t09ram showing the percentage of nodes that use a certain
as well. This keeps our method generic and therefore appli-"Umber of active labels is displayed in Figus¢c). No-
cable to any energy function. A key observation, however, tic€ that more than half of the MRF nodes do not use the
relates to the fact that label pruning is a technique not mean MaXimum number of active labels (which wagax = 20

to be used on its own. Its use is allowed only in conjunction I this case). Also, Figs(d) displays the active labels that
with our priority-based message scheduling scheme of vis-Nave been selected by the algorithm for node a in ¥g)

iting most con dent nodes rsti(e. nodes for which label ]

pruning is safe and does not throw away useful labels). This4. Extensions & further results

is exactly the reason why label pruning does not take place Completion via energy re nement: One advantage of
during the backward pass. posing image completion as an optimization problem is that

The main idea of “label pruning” is that, as we are visit-



Fig. 6. Image completion. From left to right: original images, masked @sagisiting order at®i forward pass, Priority-BP results

one can now re ne completion simply by re ning the en- scale image completion, where a Gaussian pyramid of im-
ergy function {.e. adding more terms to it)E.g, to favor agesl «;lk; 1;:::;1 0 is given as input. For this, we begin
spatial coherence during image completiae. (to Il the by applying Priority-BP to the image at the coarsest scale
target region with large chunks of the source region), onel . The output of this procedure is then up-sampled and the
simply needs to add the followingjncoherence penalty  result, say %, is used for guiding the completion of the im-

terms” \/ijO to our energy function:\/ijo(li i) = wo if agel ; 1 atthe next ner scale. To this end, the only part of
lii lj 6 ni i n; while in all other caseS/ijo(Ii;Ij) =0. our algorithm that needs to be modi ed is that of how label
These terms simply penalize (with a weighg) the assign-  costs are computed. In particular, the maskin equation
ment of non-adjacent patches (with centgrs;) to adja- (1) will now be non zero everywhere and so not only pix-
cent nodes;;n; and have proved useful in texture syn- els from the source region of; 1 are taken into account
thesis problemse(g see FigureZ(b)). Thanks to the abil-  but also pixels from the unknown target region, where now

ity of Priority-BP to handle effectively any energy funatio  the values for these pixels are borrowed from the approx-
we intend to explore the utility (with respect to image com- imation imagel %. The rest of the algorithm remains the
pletion) of many other re nement terms in the future. We same and this process is repeated until we reach the image
believe that this will also be an easy and effective way of atthe nestscalé o. An advantage we gain this way is that
applying prior knowledge or imposing user speci ed con- features at multiple scales can be captured.

straints on the image completion process. Figure 6 contains further results on image completion.

Pyramid-based image completion:Another important ~ These results along with those in Figielemonstrate the
advantage of our method is that it can also be used in multi-effectiveness of our method. As can be seen, Priority-BP



(a) texture synthesis

(b) texture synthesis with “incoherence penalty terms”

(c) text removal and image inpainting

Fig. 7. Priority-BP results (order af' forward pass is also shown)

was able to handle the completion of smooth regions, tex-
tured areas, areas with structure as well as any combirgation
of the above. Besides image completion, we also show re-
sults on texture synthesis, text removal as well as image in-
painting (Figure 7). Our method had no problem of han-
dling these tasks as well. In Figuréb) we demonstrate an
example of using the “incoherence penalty terms” in tex-

ture synthesis. As one can observe, the output texture does[g

contain large chunks of the input texture as intended. Also
in the last example of Figuré we show the nal result of

a pyramid-based image completion. In this case the input
image was 48E 321 and a 2-level pyramid has been used.
Also, for all examples we show the visiting order of the
nodes during the rst forward pass. In our tests the patch
size ranged betweéff 7 and27£ 27. The running time on

a 2.4GHz CPU varied from a few seconds up to 2 minutes

for 256E 170 images, while the maximum number of labels
Lmax was set between 10 and 50 (depending on the input's
dif culty). For all of the examples, the belief thresholds
were set equal tbcont =i SSDy, Borune =i 208SDy, Where
SSDp represents a prede ned mediocre SSD score between
w £ h patches. For the composition of the nal patches,
these are usually blended with weights that are propoitiona
to the con dence of the corresponding nodes. More elab-
orate schemes, like feathering or multi-resolution splipi
have been also tried in some cases. Finally, to accelerate
the SSD calculations required by the algorithm, the com-
mon method of moving to the frequency domain and using
the fast Fourier transform has been applied.

5. Conclusions

A novel approach which treats image completion, tex-
ture synthesis and image inpainting in a uni ed manner has
been presented. To avoid visually inconsistent results due
to greedy patch assignments, we pose all of these tasks in
the form of a discrete labeling problem with a well de ned
objective function. To solve that problem, a novel global
optimization scheme, Priority-BP, has been proposed that
carries two very important extensions over standard BP:
priority-based message scheduling and label pruning. Our
algorithm does not rely on image-speci ¢ prior knowledge
and can be applied to any kind of images. Furthermore, itis
generic {.e. applicable to any MRF energy) and thus copes
with one of the main limitations of BP: its inef ciency to
handle problems with a huge number of labels. Finally, a
wide variety of examples have veri ed its effectiveness.
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