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I
mage inpainting refers to the 
process of restoring missing or 
damaged areas in an image. 
This field of research has been 
very active over recent years, 

boosted by numerous applica-
tions: restoring images from 
scratches or text overlays, loss 
concealment in a context of 
impaired image transmission, 
object removal in a context of 
editing, or disocclusion in 
image-based rendering (IBR) of 
viewpoints different from those 
captured by the cameras. 
Although earlier work dealing 
with disocclusion has been 
published in [1], the term 
inpainting first appeared in 
[2] by analogy with a process 
used in art restoration. 

Image inpainting is an 
ill-posed inverse problem 
that has no well-defined unique solution. 
To solve the problem, it is therefore necessary to introduce image pri-
ors. All methods are guided by the assumption that pixels in the known and unknown parts of the 
image share the same statistical properties or geometrical structures. This assumption translates into differ-
ent local or global priors, with the goal of having an inpainted image as physically plausible and as visually 
pleasing as possible. 

The first category of methods, known as diffusion-based inpainting, introduces smoothness priors via 
parametric models or partial differential equations (PDEs) to propagate (or diffuse) local structures from the 
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exterior to the interior of the hole (as shown in Figure 1, where 
U  denotes the unknown part or the hole to be filled in, and S  
the source or known part of the image). Many variants exist 
using different models (linear, nonlinear, isotropic, or anisotro-
pic) to favor the propagation in particular directions or to take 
into account the curvature of the structure present in a local 
neighborhood. These methods are naturally well suited for com-
pleting straight lines, curves, and for inpainting small regions. 
They, in general, avoid having unconnected edges that are per-
ceptually annoying. However, they are not well suited for recov-
ering the texture of large areas, which they tend to blur. 

The second category of methods is based on the seminal work 
of Efros and Leung [3] and exploits image statistical and self-
similarity priors. The statistics of image textures are assumed to 
be stationary (in the case of random textures) or homogeneous 
(in the case of regular patterns). The texture to be synthesized is 
learned from similar regions in a texture sample or from the 
known part of the image. Learning is done by sampling, and by 
copying or stitching together patches (called examplar) taken 
from the known part of the image. The corresponding methods 
are known as examplar-based techniques. 

With the advent of sparse representations and compressed 
sensing, sparse priors have also been considered for solving the 
inpainting problem. The image (or the patch) is in this case 
assumed to be sparse in a given basis [e.g., discrete cosine trans-
form (DCT), or wavelets]. Known and unknown parts of the 
image are assumed to share the same sparse representation. 
Examplar-based and sparse-based methods are better suited than 
diffusion-based techniques for filling large texture areas. Hybrid 
solutions have then naturally emerged, which combine methods 
dedicated to structural (geometrical) and textural components. 

This article surveys the theoretical foundations, the different 
categories of methods, and illustrates the main applications. 

The inpainting problem
An image I  can be mathematically defined as 

	 :
( ),

I
x I x
R Rn m

"

"1X
	 (1)

where x  represents a vector indicating spatial coordinates of a 
pixel ,px  which in the case of a two-dimensional (2-D) image 
( ),n 2=  is defined as ( , ) .x yx =  In the case of a color image, 
each pixel carries three color components ( )m 3=  defined in 
the , ,R G B^ h color space. Each thc  image color channel of I  is 
denoted : .I Rc "X  In the inpainting problem, the input image 
I  (i.e., each color channel of the image) is assumed to have 
gone through a degradation operator, denoted ,M  which has 
removed samples from the image. As a result, the generic defi-
nition domain X  of the input image I  can be seen as composed 
of two parts: ,S U S,X =  being the known part of I  (source 
region) and U  the unknown part of ,I  which we search to esti-
mate. The observed degraded version F  of the image can also be 
expressed as .F MI=

The goal of inpainting is to estimate the color components 
of the pixels px  located at each position x  in the unknown 

region ,U  from the pixels located in S  the known region, to 
finally construct the inpainted image. The objective in terms of 
quality is that the recovered region looks natural to the human 
eye, and is as physically plausible as possible. Typical inpainting 
artifacts are unconnected edges, blur, or inconsistent pieces of 
texture (also called texture garbage). 

Diffusion-based inpainting using  
smoothness priors
The term diffusion comes from the idea of propagating local 
information with smoothness constraints, by analogy with physi-
cal phenomena like heat propagation in physical structures. 
These phenomena can be formalized with PDEs, and diffusion is 
therefore performed using PDE-based regularization. Inpainting 
using diffusion smoothly propagates local image structures from 
the exterior to the interior of the hole, “imitating” the gesture of 
professional painting restorators. The considered data are 
assumed to satisfy smoothness constraints and are iteratively reg-
ularized, producing a continuous sequence of smoother images. 

Image regularization can be defined locally as the diffusion of 
pixel values using PDEs, or formulated as the minimization of a 
functional measuring a global image variation. Moreover, to pre-
serve edges, the regularization (or smoothing) must follow direc-
tions given by the local image structure. If the pixel is located on 
an image contour, the smoothing must be performed along the 
contour direction and not across boundaries. If the pixel is located 
in an homogeneous region, the smoothing can be performed in all 
directions. The first step is therefore to retrieve the local image 
geometry and then use PDEs or variational methods to describe 
continuous evolutions of the image and of its structures. 

Retrieving Image Local Geometry
Local image geometry is in general retrieved by computing gray 
level lines (also called isophotes) or structure tensors. 

Isophotes
Isophotes are lines of constant intensity within an image as 
shown by the red lines in Figure 1. Their directions at a given 
pixel px  (located on the front line) are given by the normal to 
the discretized gradient vector computed at this point, which 
will be mathematically expressed as Id =  (instead of I pxd =  for 
simplifying the notations). In the case of 2-D color images I  
with three color channels, the derivatives are first computed 
separately for each color channel and then added to produce the 
final color gradient in the pixel location px . The discretized gra-
dient vector gives the direction of largest spatial changes, while 
its 90° rotation is the direction of smallest spatial changes, 
hence, of the isophotes. 

Structure Tensors
Another method used to retrieve local geometry is based on 
the computation of the spectral elements of the structure ten-
sor, also called the Di Zenzo matrix [4]. The structure tensor 
for a scalar image (with only one color channel) is computed 
at each point px  as ,G I ITd d=  where the term Id  denotes 
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the image spatial gradient, and the term ITd  denotes the 
transpose of the image gradient. In the case of color images 
with three color channels, the structure tensor is computed 
for each color channel and the results are then added as 
G I I

c
c cT

1
3 d d=
=
/  to produce the structure tensor of the 

image .I  By using the spectral decomposition, the structure 
tensor G  can be expressed as ,G RDRT=  where the columns 
of R  are the eigenvectors ( v1  and v2 ) of G  and D  is the diag-
onal matrix whose entries are the corresponding eigenvalues 

1m  and .2m  The orientation of the eigenvector v2  correspond-
ing to the smallest eigenvalue 2m  is the orientation with the 
lowest fluctuations (i.e., of the isophote; see Figure 1). The 
orientation of the eigenvector v1  corresponding to the highest 
eigenvalue 1m  gives the gradient direction (i.e., of the normal 
to the level curve at this point). The retrieved local image 
geometry can be used to control directions along which pixel 
values are propagated in the inpainting process, as well as the 
regularization strength. 

In the following paragraphs, we first recall the basics of PDE-
based regularization and then present how PDE-based regulariza-
tion is used for inpainting. We finally give the main ideas of 
image regularization and inpainting with variational methods. 

Basics of PDE-based regularization  
or diffusion
The simplest formulation concerns isotropic regularization (or dif-
fusion), which stems from the linear heat (or heat flow) equation 

	 ,
t

I F
I I

( )t 0

2
2 D

=

=

=

*  	 (2)

where F  is a degraded version of the original picture .I  The term 
ID  denotes the image Laplacian. The PDE evolution is parameter-

ized with a time variable ,t  which describes the continuous pro-
gression of the function .I  Isotropic diffusion, which minimizes 
these variations in all directions, acts as a low-pass linear filtering 
suppressing high frequencies in the image. For this reason, the 
method suffers from blur close to edges and contours. More gen-
eral formalisms (using nonlinear PDEs), first used for describing 
physical and fluid dynamics phenomena, have been introduced to 
better preserve edges and sharpness. 

Nonlinear isotropic diffusion
The heat equation can be rewritten in a divergence form as 

	 ( ),t divI I I
2
2 dD= = 	 (3)

where the notation (.)div  stands for the divergence operator 
which measures how fast a vector field (here image intensities) 
is changing in x and y directions. This led Perona and Malik in 
[5] to introduce a nonlinear extension of the heat equation, as 

	 It gdivI I2

2
2 d d= ^^ h h	 (4)

by introducing a diffusion coefficient (also called conductivity 
coefficient), which is a scalar in ,0 16 @ returned by a decreasing 

function (.)g  of the image gradient. The goal of the diffusion 
coefficient is to limit diffusion around edges and avoid smoothing 
across region boundaries. Two functions have been proposed in 
[5] for computing the diffusion coefficient 

	 ( )g eI ( / )I 2

d = d a- 	 (5)

and
	 ( )

( / )
,g

1
1I
I 2d
d a

=
+

	 (6)

where a  is a constant chosen experimentally to control the sen-
sitivity to edges. The function (.)g  vanishes in the neighborhood 
of steep edges (high gradients) and returns a value close to 1  on 
flat regions (low gradients). 

The method is often referred to as anisotropic diffusion even 
though it is rather a nonlinear diffusion. Indeed, the filter applied 
locally is isotropic, but its response is adapted locally and varies 
in space so that the diffusion process is lessened near edges and is 
strong in homogenous areas. A good review of this model can be 
found in [6]. 

Anisotropic diffusion using tensor fields
One step further has been to introduce locally adapted filters for 
performing truly anisotropic diffusion close to image structures 
such as edges [7]. Anisotropic regularization (or diffusion) refers 
to a smoothing in privileged spatial directions with different 
weights. Weickert in [7] used a field of diffusion tensors to find 
privileged directions of diffusion. 

The diffusion tensor D  (symmetric and positive-definite 
matrix) is derived in each point ( , )x yx =  of the image from the 
spectral elements of the structure tensor G I ITd d=  as [7] 

	 ,D v v v vT T
1 1 1 2 2 2m m= + 	 (7)

where v1  and v2  are the eigenvectors ( 1m  and 2m  are the cor-
responding eigenvalues) of the structure tensor )G . Pixel val-
ues are therefore anisotropically smoothed along local 
directions given by the eigenvectors v1  and v2 , with weights 
(or smoothing strength) given by the corresponding eigenval-
ues. In other words, the eigenvalues determine the diffusivities 

S

U

Hole
(Unknown
Region)

Source (Known Region)

[Fig1]  Isophotes or lines (in red) of constant intensity 
represented for one out of ten pixels with a zoom on one region 
of the image. (Original image courtesy of [39].)
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in the directions of the eigenvectors. The diffusion is governed 
by the PDE 

	 ( ) .t divI D I
2
2 d= 	 (8)

Note that, if D  equals the identity matrix, we obtain the heat 
equation, i.e., isotropic diffusion. Note also that the tensor can 
be regularized with Gaussian kernels, which leads to a smooth-
ing of the image with small elongated kernels along edges and 
with Gaussian-like kernels in homogeneous regions. An edge-
enhancing diffusion (EED) is further proposed in [7], where the 
diffusivity decreases with the increased contrast in the direction 
perpendicular to edges. The effect of the varying diffusivity of 
EED can be seen in Figure 2. A coherence-enhancing diffusion 
(CED) is also proposed in [8], which increases the diffusivity 
along the coherent direction given by v2  when the coherence 
measured by ( )1 2

2m m-  increases. 

Anisotropic diffusion using oriented Laplacians
Image smoothness (and its variation) can also be measured by a 
discretization of the 2-D Laplacian of the image, instead of 
using gradient or divergence operators. Anisotropic diffusion 
models are in this case expressed as 

	 ,t
I I I1 2v v v v1 1 2 22
2 m m= + 	 (9)

where the terms Iv v1 1  and Iv v2 2  are the image Laplacians, i.e., 
the second derivatives of I  in the directions given by the vec-
tors v1  and v2  that, as above, are derived from the local image 
structures (gradients, isophotes, or tensor fields). Here again, 
the above equations can be applied on each color channel of 
the image separately or on vectors formed by the three compo-
nents (R,G,B) of color images to smooth multivalued images. 

The diffusion is controlled by the knowledge of the smooth-
ing directions v1  and v2 , and the corresponding weights 1m  
and 2m . This can be seen as heat flows oriented along orthonor-
mal directions given by v1  and .v2

Inpainting using diffusion PDEs
The use of regularization or diffusion for image inpainting was 
pioneered by Bertalmio et al. [2] in 2000. All PDE-based image 
regularization methods (isotropic or anisotropic) described in 
the previous sections can be used for inpainting. The authors in 
[2] use an anisotropic model that propagates image Laplacians 
[as formalized by (9)] from the surrounding neighborhood into 
the interior of the hole. The directions of the propagation are 
given by the directions of the isophotes estimated by the per-
pendicular to the image gradient in each point. The algorithm 
numerically solves the equation 

	 ( )t
I I I
2
2 d dD= = 	 (10)

for the image intensity I  inside the hole, until a steady state 
solution ( ( ) 0I Id dD == ), which means that the image Lapla-
cians ( )ID  remain constant (no variations captured by the 

gradient )d  in the directions Id =  of the isophote. The term 
( )I Id dD =  is the derivative of ID  in the direction ,Id =  leading 

to a smooth continuation of available information (the Lapla-
cians) inside the region to be inpainted. In other words, the 
image information is propagated inside the missing region in a 
way that aims at preserving the isophote directions. The analogy 
between this propagation of image intensity along smooth level 
curves and the transport of vorticity in fluid dynamics formal-
ized with the Navier–Stokes equations has been established in 
[9]. The image intensity is seen as a stream in fluid dynamics 
and isophote lines are seen as flow streamlines. 

Variants have then been proposed in the use of anisotropic 
diffusion for image inpainting, for either reducing complexity or 
better preserving structures. PDE-based methods require imple-
menting iterative numerical methods that are generally quite 
slow. A fast marching technique is described in [10], which esti-
mates the unknown pixels in one pass using weighted means of 
already calculated pixels. A trace-based PDE model is proposed 
in [11] to regularize multivalued images (with multiple color 
channels). It was observed in [11] that Gaussian behavior inher-
ent to the use of tensors for defining orientation and strength of 
the diffusion degrades the reconstruction of curved image 
structures such as corners. This observation led the author in 
[11] to use heat flows constrained on integral curves to better 
preserve curvatures in image structures. 

Diffusion methods tend to prolong structures (e.g., iso-
photes) arriving at the border of the region to be filled in. These 
methods are hence successful for piecewise smooth images, for 
propagating strong structures, or for filling small gaps. How-
ever, they are not well suited for textured images, especially if 
the region to be completed is large. Although intended to pre-
serve edges, after a few diffusion iterations, the inpainted region 
appears smooth with a lot of blur when the missing region is 
large. Figure 2 shows inpainting results after a few iterations 
when using two different diffusion equations: isotropic diffusion 
with heat equation, and edge-enhancing diffusion (EED) [7]. 
Isotropic diffusion introduces a blur over the entire region to be 
filled in. On the contrary, EED (and similarly for CED) intro-
duces less smoothing across edges. Figure 3 illustrates typical 
artifacts of diffusion-based inpainting methods when the hole to 
be filled in is large. 

Variational inpainting
Image regularization, hence image inpainting, may also be formu-
lated as a variational problem where the image is seen as a func-
tion of bounded variation (BV). The total variation (TV) image 
model, first proposed for denoising and deblurring applications in 
[12], has been applied to image inpainting in [13]–[15]. The 
energy function is based on the total variational norm, hence the 
name of the TV image model. 

Keeping the goal of a smooth propagation of image inten-
sity, the idea consists in searching for a function ( )I xt  of BV on 
the set X  (BV(X )) on which the input image I  is defined, 
which minimizes a TV energy (defined as the integral of the 
gradient magnitude) of the image inside the hole, under some 

Authorized licensed use limited to: George Tziritas. Downloaded on December 28,2020 at 07:32:34 UTC from IEEE Xplore.  Restrictions apply. 



	 IEEE SIGNAL PROCESSING MAGAZINE  [131]  JANUARY 2014

constraint of fidelity to image observations. The minimization 
problem is written as 

	 ( ) | ( ) | ( ( ) ( )) .J d dI I x x I x I x x
\

2
TV

U
d m= + -

X X

t t t# # 	 (11)

The first integral term represents the regularization term, 
whereas the second term is a data term measuring the fidelity of 
the reconstructed image to the input image for the known sam-
ples. The difference with the denoising problem in [12] resides in 
the fact that the second integral is computed over \UX  instead 

of the entire domain X . The regularization strength can be seen 
as spatially varying, where ( ) 0xm =  in U . It can also vary locally 
according to the image geometry or to given image models. 

Note that a variational formulation has been first applied to 
the disocclusion problem in [1] where the image is reconstructed 
from a set of level lines defined as BV functions. The level lines 
within the hole are geodesic paths joining isophotes arriving at 
the boundary of the hole. This method is the first variational 
approach where the detection of the isophotes is followed by their 
variational continuation across the hole. 

(b) (c)(a)

(e) (f)(d)

[Fig2]  The diffusion process with isotropic diffusion after (a) ten, (b) 20, and (c) 600 iterations. Edge-enhancing diffusion [7] after (d) 
ten, (e) 50, and (f) 600 iterations.   

[Fig3]  Typical blurring effects of (a) and (b) diffusion-based methods (example with the method in [10]) when the hole to be filled in is 
large. [(a) courtesy of [39]. (b) generated by Christine Guillemot and Olivier Le Meur.]

(a) (b)
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TV regularization is an effective inpainting technique that is 
capable of recovering sharp edges with, however, some prob-
lems of connectivity. To further improve the edge connectivity, 
the TV inpainting model has been extended by introducing in 
the regularization term energy functionals taking into account 
curve structures, via curvature-driven diffusion models [16], or 
the Euler elastica functional [17]. 

Examplar-based methods
A second family of inpainting methods has appeared in the last 
decade based on seminal work on texture synthesis [3], [18] 
with the aim of better recovering the texture of the missing 
area. The texture synthesis problem is slightly different from 
image inpainting. The goal of texture synthesis is to create a 
texture from a given sample as shown in Figure 4, in such a 
way that the produced texture is larger than the source sample 
with a similar visual appearance. This problem is also referred 
to as sample-based texture synthesis. There is a vast body of 
work on texture synthesis, using either local region growing 
or a global optimization. 

Examplar-based inpainting has been, for a large part, 
inspired by local region-growing methods that grow the texture 
one pixel or one patch at a time, while maintaining coherence 
with nearby pixels. 

Most local pixel-based synthesis techniques rely on Markov 
random fields (MRFs) modeling of textures. Instead of running 

a complex probabilistic inference on the graphical model of the 
MRF for learning the missing pixels from the input sample, 
simpler, yet efficient, approximate solutions have been proposed 
in [3]. Exploiting both locality (the color of a pixel being 
assumed to depend on its local neighborhood only) and station-
arity (the dependency is independent of the pixel location), the 
missing pixels are learned by sampling and copying the central 
pixel of a patch from the sample texture that best matches the 
known neighborhood of the input pixel to be synthesized, 
according to a certain distance. Similarly, in [18], the output 
image is generated pixel-per-pixel in a raster scan order choos-
ing at each step a pixel from the sample image which neighbor-
hood is most similar to the currently available neighborhood in 
the texture being synthesized. Texture synthesis methods have 
evolved from pixel-based to patch-based techniques, with recent 
enhancements relying on elaborated blending and quilting 
strategies, using, e.g., graph-cut techniques to minimize energy 
terms along a seam. We come back to this issue in the section 
“Patch Stitching with Blending and Quilting.” 

Texture synthesis methods directly apply to the inpainting 
problem where the known part of the image can be seen as the 
input texture sample from which the missing pixels can be 
learned [as illustrated in Figure 5(a)]. 

The simple pixel-based texture synthesis technique in [3] 
proceeds as follows. Let px  be a pixel located at position x  in 
the image I , and pxW  be the patch centered on the pixel px . 
This patch has a known part ( )p

S
xW  and an unknown part ( )p

U
xW . 

The idea is to search for the patch p jW  (centered on )p j  the 
most similar to the input patch pxW . The central pixel p j  hav-
ing a neighborhood most similar to the known neighborhood of 
px  is then copied to recover px . Image information is therefore 
pixel-per-pixel propagated from the known part to the unknown 
part of the image. 

This pixel-per-pixel recovery algorithm suffers from a 
high computational cost, even if its complexity can be 
reduced by constraining the search for best matching 
patches among the candidates of the neighboring pixels that 
have been already inpainted [19]. Another limitation is the 

[Fig5]  The principle of examplar-based methods: search for the patch the most similar to the known part of the input patch to be 
completed and copy the central pixel for (a) pixel-based approaches or (b) a set of pixels for patch-based approaches. (Figure used with 
permission from [24].)

Copy
Central
Pixel

pj pj

px pxΨpx Ψpx

Ψpj Ψpj
X

X

X

X

Copy
Sub-
Patch

(a) (b)

Pixel-Based Texture Synthesis Patch-Based Texture Synthesis

Texture
Sample

Synthesized
Texture

[Fig4]  The texture synthesis problem. The goal is to produce   
a texture larger than the input sample with a similar visual 
appearance. (Figure used with permission from the 
Massachusetts Institute of Technology.)
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difficulty for this type of approach to synthesize textures that 
are not frontal (with some perspective transformations) and 
to fill in large and dispersed holes. Moreover, although per-
forming better than diffusion methods on textured areas, the 
pixel-based synthesis techniques often suffer from synthesis 
errors propagation and from repetitive patterns, which look 
unnatural especially in the case of stochastic textures. They 
also run into difficulties when synthesizing texture formed 
by an arrangement of small objects. 

Approaches synthesizing entire patches rather than only one 
pixel at a time have then emerged to cope with the drawbacks 
just mentioned. Instead of synthesizing the missing region pixel 
per pixel, the idea of patch-based solutions is to recover entire 
patches in one step by sampling and copying texture patterns 
(entire patches) from the source [20]. The first step for estimat-
ing the pixels in the unknown part p

U
xW  of the patch again con-

sists in searching for the patch p jW  (centered on ),p j  which is 
the most similar to the patch .p

S
xW  But this time, all the pixels 

from p jW  which are located at the same position as p
U
xW  are cop-

ied to estimate the unknown pixels of the input patch, as shown 
on the right side of Figure 5. 

The terminology examplar-based inpainting now mostly 
refers to these methods that synthesize entire patches by learning 
from patches in the known part of the image. Since they synthe-
size entire patches at once, these methods are faster than pixel-
based approaches. Many variants have then been introduced to 
optimize patch-based methods. These variants concern: 

■■ distance metrics for finding best matching patches
■■ fast search of best matching patches 
■■ patch processing order 
■■ global spatial coherence via constrained search or global 

optimization 
■■ patch stitching with blending and quilting 
■■ methods to learn unknown pixels from best matching 

patches 
■■ multiscale refinement.

These variants are discussed in the next section. 

Issues and variants of  
Examplar-based inpainting

Distance metrics
Several metrics exist for measuring similarity between images 
or between image patches. The most widely used metrics can be 
classified in the following categories: pixel-based metrics mea-
suring the similarity in terms of difference or cross-correlation 
between pixel color values and statistics-based metrics measur-
ing the similarity between probability distributions of pixel 
color values in patches. The sum of squared differences (SSD), 
the Lp  norm, as well as the normalized cross-correlation 
belong to the first category. Statistics-based metrics include the 
Bhattacharyya distance, the normalized mutual information 
(NMI), and the Kullback–Leibler divergence. 

The most widely used metric to search for similar patches is 
the SSD. However, as observed in [21], the SSD introduces 

some bias towards uniform regions. In other words the SSD 
favors the copy of pixels from uniform regions. 

A weighted Bhattacharya distance has been proposed in 
[21] ( )d( , )SSD BC  to cope with this limitation. This metric is 
computed as 

	 ( , ) ( , ) ( , ),d d d( ) p p p p p p,SSD BC SSD BCx j x j x j#W W W W W W= 	 (12)

where the term ( , )d p pSSD x jW W  is the SSD between the two patches 
pxW  and .p jW  The term ( , )d p pBC x jW W  is a modified Bhattacharya 

distance given by ( , ) ( ) ( ) ,d h k h k1
kp p 1 2BC x jW W = - /  with 

h1  and h2  representing the histograms of patches pxW  and  
,p jW  respectively. 
However, when two patches have the same distribution, their 

distance dBC  is zero, hence the weighted Bhattacharya distance is 
also zero, even if one patch is a geometrically transformed version 
of the other one. A variant of the weighted Bhattacharya distance 
addressing this problem is proposed in [22] where the SSD is mul-
tiplied by (1+ ) .dBC  When two patches have the same distribution, 
the distance value is equal to the SSD between the two patches. 

Note that other distance metrics also exist that account for 
geometrical transformations [23]. Transformed (rotated, scaled, 
and mirror) versions of existing patches are, in this case, included 
as possible match candidates [24]. 

Fast search of best matching patches
Examplar-based inpainting methods first search for K-nearest 
neighbors (K-NNs) within the known part of the image. A naive 
solution to the NN search problem is to compute the distance 
from the query patch to all possible candidate patches, treating 
each patch as a point in a high-dimensional space. Faster and 
approximate NN search methods exist that organize the candi-
dates in specific space-partitioning data structures, such as the k
-dimensional trees (kd-trees) [25] or the vantage point trees (vp-
trees) [26], according to their distribution in the search space. The 
kd-trees are a special case of binary space partitioning trees that 
divide the space along different coordinates. The set of data points 
is bisected at the median of all points in a selected dimension to 
build a binary tree. The vp-tree, instead of splitting along coordi-
nate values, splits the set of data points according to their distance 
to a specific point called the vantage point. The NN search can 
then be efficiently done by using the tree properties to quickly 
eliminate large portions of the search space and check only a 
small portion of candidates. The kd-tree-based matching is one 
of the most widely used algorithms for finding the nearest 
patch. However, its number of searched nodes increases expo-
nentially with the space dimension. When the dimension is 
large (e.g., higher than 15), its search speed becomes very slow. 
Several NN search algorithms are assessed in [27] for finding 
similar patches in images. 

The tree-based approximate NN (ANN) search methods 
treat the queries separately. A randomized patch search algo-
rithm called PatchMatch was introduced in [28], which 
exploits dependency among the queries to perform some col-
laborative search. The idea relies on the assumption that 
images are coherent. Once a pair of similar patches has been 
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found in two images, then their neighbors in the image plane 
(patches shifted by a few pixels) are likely to be also similar. 
Therefore, the matching result of a query patch can be propa-
gated to the nearby queries, providing a good initial guess that 
is then updated by some randomly sampled candidates. 

PatchMatch is a fast algorithm for computing dense approxi-
mate NN correspondences between patches of two image regions. 
The set of approximate correspondences is called an NN field 

(NNF). The method searches for the NNF by proceeding as 
follows. The NNF is first initialized either by random values or 
prior information. Initializing the NNF with a random guess 
is likely to provide few good guesses. The NNF is then itera-
tively refined by interleaving two operations called propaga-
tion and random search at the patch level. The propagation 
step updates a patch offset with the known offsets of its causal 
neighborhood, exploiting the image coherency. At even itera-
tions, offsets are propagated from up and left patches, whereas 
at odd iterations, offsets are propagated from right and bottom 
patches. The second operation performs a local random 
search to seed the patch matches, and these matches are then 
propagated by iterating a small number of times. 

The algorithm was shown to be much faster than kd-trees 
with, however, less accuracy. It can be trapped in a local opti-
mum due to the short-distance propagation. To improve the 
NN search accuracy, the random search step of PatchMatch is 
replaced with a hashing scheme in [29]. Good matches are 
propagated to nearby patches as well as to similar patches that 
were hashed to the same value (i.e., which are similar in 
appearance). The algorithm therefore runs faster and turns 
out to be more accurate. The PatchMatch algorithm has been 
generalized in [30] to find K-NNs instead of one, and to extend 
the search space with transformations (rotations, scaling). 

Patch processing order
The missing regions in an image may be, in general, com-
posed of textures and structures. It has been observed [31] 
that it was important to separate these two components and 
start by first recovering the structures. This led to proposing 
patch processing orders that are defined in such a way that 
patches on structures are filled in first. In general, the pro-
cessing order is given by a patch priority measure defined as 
the product of two terms ( ( ) ( ) ( )) .P p C p D px x x=  The first 
term accounts for the amount of known pixels versus 
unknowns in the input patch [this is a so-called confidence 
term ( )]C px  and the second term ( )D px , called data term, 
reflects the presence of some structure in the patch. This 
data term can take several forms (see Table 1). 

A gradient-based data term is proposed in [31], which 
favors patches in which the isophote is perpendicular to the 
front line at pixel .px  The data term is defined as the abso-
lute value of the inner product between the isophote direc-
tion (perpendicular to the gradient )I pxd =  and the normal n px  
to the front line as 

	 ( )
| . |

.D p
I np p

x
x xd

a
=

=

	 (13)

Thanks to this priority term, unknown pixels at the edge of 
an object have higher priority than pixels located on flat image 
areas (see Table 1). 

A sparsity-based data term has been proposed by Xu et al. 
[32] to measure the structure confidence of patches. The struc-
ture confidence is based on the sparseness of nonzero patch 
similarities. Structural patches are assumed to have sparser 

[Table 1] P atch filling order.

The data term ( )D px  used for favoring patches with stronger 
structures can take different forms. 

1) Gradient-based data term [31]: ( ) (| . |) /D p I nx p px xd a= = , where npx  is the 
normal to the front line at the position of the pixel px, and the 
perpendicular to the gradient Ipxd =  represents the isophote. 

Ψpx

Ψpj

npxIpx

Ψpi
S S

U U

⊥

2) Sparsity-based structure confidence term [32]: ( ) / ,ND p Nwp s2x x #=  
where Ns  and N  are the numbers of valid and candidate patches in 
the search window.

Ψpx Ψpy

S

U

Patch with Sparser
Similarities (Valid Candidates
Only Along the Counter)

Patch with Less
Sparse Similarities
(Many Valid
Candidates in 
Yellow Region)

3) Tensor-based priority [8], [33]: ( ) ( ) ( ) / ( ) ,D p exp1x 1 2
2a a h m m= + - - -^ h  

where 0$h  ( 8h = ) and ,0 1!a 6 @ ( .0 01a = ). When 1 2.m m , flat region 
implies low priority ( ( )D px  small). When ( )D px 1 222m m , presence of 
structure implies high priority (tends to be “1”).

Ψpx

Ψpx

S S

UU

v1, λ

v1, λ

1
v2, λ2

v2, λ2

λ1 λ2Edge Region >> λ1 λ2Flat Region ≈
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nonzero similarities with its neighboring patches compared to 
textural patches. This assumption stems from the observation 
that structures (edges, corners) are, in general, sparsely distrib-
uted in the image. A similarity weight w ,p px j  (i.e., proportional 
to the similarity between the two patches centered on px  and 

)p j  is computed for each pair of patches. A vector w px  is formed 
with the similarity weights between all the pairs ( px , p j ) where 

( , ), ( , ),i j i jj N N1 1 f=  with N  being the number of all candi-
date patches within a search window. The sparsity-based data 
term is defined as 

	 ( ) ,D p
N
Nw p
s

2x x #= 	 (14)

where Ns  and N  are the numbers of valid (all their pixels are 
known) and candidate patches in the search window centered 
on the pixel px . 

A large value of the structure sparsity term ( )D px  means 
sparse similarity with neighboring patches—a good confidence 
that the input patch is on some structure—whereas a small 
value indicates that the current input patch is highly predicta-
ble by many candidates, hence is likely to be a textural patch. 
This is illustrated in Table 1, where the patch pxW  has sparser 
similarity than the patch p jW  for which a larger number of 
matching patches can be found in the uniform yellow region. 
This term, compared to the one defined on isophotes, better dis-
tinguishes structural from textural patches. 

A tensor-based data term is proposed in [33] based on Di 
Zenzo’s structure tensor [4] computed on the color components 
(R,G,B) as .J I Ic cT

c
m

1
d d=

=
/  As explained above, the eigenvec-

tors and eigenvalues of the structure tensor give an indication 
of the local geometry. Based on the discrepancy of the eigenval-
ues, the degree of anisotropy of a local region can be evaluated. 
The tensor-based data term is therefore written as  

	 ( ) ( )
( )

,D p 1 exp
1 2

2x a a
m m

h
= + - -

-
c m 	 (15)

where 0$h  (e.g., 8h = ) and ,0 1!a 6 @ (e.g., .0 01a = ). On flat 
regions ( ),1 2.m m  no direction is favored for the propagation 
(isotropic filling order). When ,1 222m m  which indicates the 
presence of a structure, the data term ( )D px  tends to be  “1.” 

The patch processing order has a strong impact on the qual-
ity of the inpainted image: giving a higher priority to structural 
patches leads to a better recovery of object boundaries, avoiding, 
e.g., unconnected boundaries in the inpainted image, as shown 
in Figure 6. Studies of vision psychology show that human 
observers are quite annoyed by unconnected edges [34]. 

Global image coherence via constrained 
search or global optimization
The approaches in [3], [24], and [31] progress patch per patch in a 
greedy fashion; for this reason, they do not ensure a global image 
coherence. The visual quality of the inpainted image can be 
improved by maximizing similarity between the synthesized patch 
and original patches in the known part of the image. This can be 
achieved in pixel-based synthesis approaches by searching for 

candidate pixels in the neighborhood of those already used to 
inpaint the neighbors of the input pixel to be estimated [19]. 

The authors in [35] constrain the search for candidate 
patches by using a global coherence measure ()Coh  defined as 

	 ( ) { ( , )} .min dCoh p
U

p S
p
U

p
U

SSDx
j

x jW W W=
!

	 (16)

This coherence measure is used to favor patches giving a syn-
thesized part p

U
xW  most similar to the pixels p

U
jW  of the known 

part S  of the image. Among the best candidate patches, the 
algorithm keeps the one that minimizes the above coherence 
measure. This prevents from pasting in the unknown region a 
texture that would be too different from original textures. This 
measure therefore limits texture garbage. Examples of texture 
garbage are visible in Figure 6. 

Spatial coherence can also be naturally ensured via a global 
optimization of MRF energy functions over the entire image. 
Patch, pixel locations, or offsets are optimized in the MRF by 
using belief propagation [36] or graph cuts [37]. The shift-map 
method [37] indeed treats inpainting as a global optimization on 
the entire image. The method, inspired from the patch transform 
described in [38], computes a vector field (called shift-map), 
which maps each pixel in the hole to be filled in to a pixel in the 
known part of the image. The optimal shift-map is computed as a 
graph labeling optimization minimizing a global cost function. A 
node in the graph corresponds to a pixel in the output image 
labeled by a shift (translational displacement). 

The authors in [39] match similar patches in the known part 
of the image and compute patch offsets. They observed that a 
majority of patches have similar offsets, and the peaks in the off-
set distribution correspond to dominant offsets. A stack of 
images is formed with shifted versions of the input image 
according to these dominant offsets. The shifted images are 
then combined by optimizing a global MRF energy function. 
These methods produce visually pleasing and coherent 
inpainted images, in particular when the hole to be filled in has 
homogeneous texture and few structures. 

Patch stitching with blending and quilting
Filling the unknown part of the input patch may lead to 
stitching together pieces of texture that are not consistent in 
terms of color or contrast, or which may contain structures 
that do not align. Color bleeding or boundary artifacts may 
therefore be visible in a boundary or transition region. To 
reduce the boundary effect, the pieces of texture must be 
stitched together along an optimal seam that will be the best 
boundary between the two regions. 

A quilting method is introduced in [40], which consists of 
finding an optimal path (called a seam) cutting the overlapped 
regions O , as illustrated in Figure 7. The seam, which is an 
eight-connected path of pixels in the overlap region, goes from  
top to bottom for a vertical seam and from left to right for an 
horizontal seam. The path determines which patch contributes to 
pixels at different positions in the overlap region. A vertical 
(respectively, horizontal) seam contains only one pixel per row 

Authorized licensed use limited to: George Tziritas. Downloaded on December 28,2020 at 07:32:34 UTC from IEEE Xplore.  Restrictions apply. 



	 IEEE SIGNAL PROCESSING MAGAZINE  [136]  JANUARY 2014

(respectively, column) in the overlap region. An energy function 
( , )e i j  is defined to evaluate the contrast of the current pixel with 

respect to its neighbors. A gradient-based energy is commonly 
used. The energy of a seam s  is given by ( ) ( , )eE s i j

( , )i j O
=

!
/ , 

where ( , )i j  are the coordinates of a pixel of the seam s  inside 

the overlap region O . The optimal seam s*  having the mini-
mum energy 

	 ( )arg mins E s*
s

= 	 (17)

is searched by using Dijkstra’s shortest path algorithm, dynamic 
programming [40], or by using graph cuts [23], [41]. 

Dynamic programming allows solving this problem effi-
ciently by computing the cumulative minimum energy M  for 
all possible connected seams as 

	
( , ) ( , ) ( ( , ),

( , ), ( , )) .

minM i j e i j M i j

M i j M i j

1 1

1 1 1

= + - -

- - + 	 (18)

For a vertical seam, we look for the minimum value on the last 
row and backtrack from this minimum to find the optimal ver-
tical path. The quilting approach is limited by the number of 
possible orientations at each pixel. For instance, for the case of 
a vertical seam, only three directions (bottom-right, bottom, 
and bottom-left) can be used to build the seam path. In 

Unconnected Edges

Unconnected Edges

Texture Garbage

(a) (b)

(c) (d)

[Fig6]  (a)–(d) Typical artifacts of examplar-based methods: unconnected boundaries and texture garbage. The bungee jumper has been 
inpainted with the method in [31] and the lion image with [22]. [(a) Original bungee jumper image courtesy of M. Bertalmio. (b) and (d) 
Courtesy of Christine Guillemot and Olivier Le Meur. (c) Courtesy of [39].]

[Fig7]  The quilting texture. Two texture chunks are patched 
together. An optimal seam is computed to cut the overlap 
region. On the left side of the seam, texture from block B1 is 
copied into the final texture. On the right side, pixels belonging 
to texture B2 are copied. (Figure adapted from [40] and used 
with permission from the Massachusetts Institute of Technology.)

B1 B1 B1B2 B2

Overlap Area Optimal Seam

B2

Authorized licensed use limited to: George Tziritas. Downloaded on December 28,2020 at 07:32:34 UTC from IEEE Xplore.  Restrictions apply. 



	 IEEE SIGNAL PROCESSING MAGAZINE  [137]  JANUARY 2014

addition, the quilting method is greedy since the seams are 
defined either in left-to-right or top-to-bottom order. 

To cope with these limitations, a graph-cut method can be 
used to find the optimal seam. A graph cuts consist of first 
constructing a specialized graph for the energy function to be 
minimized such that the minimum cut on the graph, com-
puted by max-flow algorithms, minimizes the energy 
[42],  [43]. Graph cuts have been used for a wide variety of 
vision problems, particularly in [44] to seamlessly combine 
and stitch different textures together. 

Blending (feathering, pyramid blending, alpha blending, or 
Poisson blending [45]) and image melding [46] can also be 
used to seamlessly merge the new patch. Blending aims at 
handling color inconsistency by smoothly interpolating the 
error in the transition region. Image melding [46] synthesizes 
the texture in the transition region by transforming one patch 
(or image) to be stitched into the other. 

Embedding nearest neighbors
The first examplar-based methods were estimating the unknown 
part of the input patch by copying pixels of the single best match 
among possible candidates. A better estimate of the unknown pix-
els can be obtained by computing a linear combination of several 
candidate patches, e.g., of the K-NN, as illustrated in Figure 8. This 
places the inpainting problem in a neighbor embedding frame-
work. Different approaches can be used to compute the weights of 
the linear combination of the K-NN. The authors in [47] proposed 
a nonlocal means approach. The unknown pixels of the patch to be 
completed are inferred by the nonlocal means of several candidate 
patches instead of taking the single best match. The weights of the 
linear combination are computed using a similarity kernel as 

	 , ( , ), ,expw
h

i j k N1jk
p
S

p
S

k k
2
2

x j
f

W W
= -

-
= =e o 	 (19)

where N  is the number of all candidate patches in the search 
window. The parameter h  acts as a filtering parameter. This 
kernel gives higher weights to patches that are more similar to 
the known samples of the input patch. This approach is 
inspired from the nonlocal means (NLM) algorithm used for 
denoising in [48] and for texture synthesis in [3]. 

The weights can also be computed using least square approx-
imations of the known pixels of the input patch under various 
constraints. A constraint that the weights sum to one leads to 
placing the problem in the locally linear embedding (LLE) 
framework [49]. The search for the weights of the linear com-
bination of the K  best matching patches, centered on pixels p j  
located at positions ( , ),i j k K1j k k f= = , is expressed as 
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The nonnegativity constraint places the problem in the non-
negative matrix factorization [50] framework, which leads to 

formulating the weight computation as the constrained 
minimization 
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Once the weights wk  are computed, they are used to linearly 
combine the pixels of the candidates patches ,pUjW  which are 
located at the same position as the unknown pixels of the input 
patch (i.e., ) .w

k
K

p
U

k p
U

x jW W=t /

Multiscale refinement
The search for similar patches can be improved by introducing as a 
priori a rough estimate of the inpainted values using a multiscale 
approach. The missing regions are iteratively approximated using 
some guidance from coarse to fine levels [24]. The use of a multi-
scale approach offers a number of key advantages. The inpainting 
of a coarse version of the input picture is much easier than per-
forming the inpainting at the full resolution. It is easier to retrieve 
the main and dominant structures since the local singularities in 
terms of orientation as well as luminance are less numerous. The 
results are moreover less sensitive to noise. Drori et al. [24] used, 
for instance, a rough estimate of the inpainted values to improve 
the K -NN search method. The drawback of multiscale refinement, 
as mentioned in [36], is that if an error occurs at a coarse scale, 
inpainting errors can spread across the finer scale. The authors in 
[22] perform the inpainting on a coarse resolution of the input pic-
ture, and then use a single-image superresolution method to 
retrieve the high-frequency details of the inpainted areas. 

Introducing sparsity priors
The inpainting problem can also be solved assuming image 
sparsity priors. In this case, the image I  is assumed to be a 
sparse-land signal [51], meaning that the image I  is sparse in a 
given basis. The basis can be formed by predefined elementary 
waveforms (also called atoms) which are stored in a dictionary 
matrix A . The dictionary matrix A  can also be learned using 
dictionary-learning methods. An image I  is said to be k-sparse 
in a given basis stored in the dictionary matrix A , if it can be 
represented by a vector v  having only k  nonzero elements (i.e., 
its l0  norm is || | | kv 0 = ) verifying I Av= . The sparsity of a 
signal depends on the considered basis, i.e., of the matrix A . 

Considering the degraded image F MI= , the inpainting 
problem is therefore formulated as searching for the sparse 
representation vector v  of the image F , by solving 

	  | | | |min v 0

such that

	 .F MAv= 	 (22)

Many solutions exist for searching for the sparse vector v , 
with the most popular ones belonging to the family of greedy 
matching pursuit algorithms. A good overview of these match-
ing pursuit algorithms can be found in [51, Ch. 3]. 
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The above inverse problem is usually solved patch-per-
patch rather than directly on the entire image F . For each 
patch pxW  of the image F  formed by a known part p

S
xW  and an 

unknown part p
U
xW , one searches for the sparse vector v px , 

which best approximates the known part of the input patch 
p
S
xW  as A vp

S S
px xW =  where AS  is a matrix obtained by masking 

the rows of the matrix A  corresponding to the positions of the 
unknown pixels p

U
xW  in pxW , as shown in Figure 9. 

The same sparse linear combination of atoms is then used 
to approximate the unknown pixels p

U
xW , as A vU

p
U

px xW =t , tak-
ing this time the masked samples of the atoms (these samples 
correspond to the positions of the unknown pixels). This gen-
eral formulation is also used for other image processing prob-
lems like denoising and superresolution. The sparse 
representation area has recently evolved into the more general 
compressive sampling framework that also naturally applies to 
image recovery problems [52]. 

Variants have been introduced exploiting sparsity priors. 
Assuming that images are composed of locally uniform regions 
separated by edges, the author in [53] uses adaptive sparse rep-
resentations. The algorithm performs a nonlinear approxima-
tion with adaptively determined sparsity constraints. Hybrid 
sparse representations enforcing both local and nonlocal spar-
sity are considered in [54]. The nonlocal sparsity is defined as 
the sparsity of a three-dimensional (3-D) data array formed by 
the input patch and its K -NN in the known part of the image, 
whereas the local sparsity is defined as the sparsity of the 2-D 

patch, the sparsity constraints being enforced by hard-thresh-
olding in a predefined waveform basis (DCT, fast Fourier trans-
form). Local and nonlocal sparse representations are then 
combined via Bayesian model averaging [54] to satisfy both con-
straints of local smoothness and nonlocal similarity, with a con-
straint of fidelity to the known samples. 

Patch-based methods show that texture patches can be rel-
evant dictionary elements. Therefore, instead of using pre-
defined waveforms, a linear combination of candidate patches 
regularized by a sparseness prior on the weighting coefficients 
can be used for inferring the unknown pixels [32]. Sparsity is 
also used in [32] for determining structural patches to be pro-
cessed first, as explained in the section “Patch Processing 
Order.” The patch sparse representation is moreover con-
strained by local patch consistency. 

Hybrid methods separating  
structure from texture
Diffusion methods work well for small and sparsely distributed 
gaps. They are also appropriate for piecewise smooth images 
and for propagating strong structures. But they are unable to 
restore texture. On the contrary, examplar-based methods 
work amazingly well in textured regions with homogeneous or 
regular patterns. Nevertheless, they are not so well suited for 
preserving edges or structures, or for images with many small 
distributed holes. 

Yet, natural images contain composite structures and tex-
tures. The structures constitute primal sketches of an image 
(e.g., edges, corners) and textures are regions with homoge-
nous patterns or feature statistics. To handle composite tex-
tures and structures, it is therefore natural to combine 
different types of approaches. Two main strategies have been 
considered. The first strategy consists in first separating the 
image components (texture and structure), and inpainting 
them separately with the most suitable method (e.g., diffusion 
or examplar-based). The two inpainted components are then 
added together as in [55],  [56]. A second strategy consists in 
combining different approaches in one unique energy function 
using a variational formulation [21], [36]. 

Structure/texture separation
Structure can be identified in a supervised way, as in [57], 
where the user specifies curves corresponding to important 
missing structures (e.g., object boundaries) in the unknown 
region. A structure propagation is then performed by copying 
patches located in the direction of these curves in the known 
region. The remaining unknown pixels are in a third step esti-
mated using a texture synthesis method as in [19]. 

Texture and structure can also be separated in an auto-
matic manner, using, for example, a variational method as in 
[55], where the authors decompose the image as a sum of two 
functions, one being of BV representing the image structure, 
and a second one capturing the texture. The structure image 
is a sketchy approximation of the input image, containing only 
edges separating smooth regions. These piecewise smooth 

K-NN Search
Within
a Window

K-NN

Weight
Computation

(LLE, NMF, ...)

Linear
Combination

w1 w2 wK

[Fig8]  The estimation of unknown pixels with neighbor 
embedding. The first step consists in searching for the K-NN  
of the input patch. The algorithm then searches for the weights 
of the linear combination of these K-NN patches that best 
approximates the known pixels of the input patch to be 
completed. The weights computation can be done using 
different methods (e.g., NLM, LLE, and NMF).
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images are also referred to as cartoon 
images in [55]. In [55], the texture 
layer is inpainted using the texture 
synthesis method of [3] while the 
geometric layer is inpainted using the 
diffusion method of [2], and the two 
inpainted components are added 
together to produce the final result. 

The authors in [56] proposed a 
method based on sparse representa-
tions for decomposing the image into 
a texture and a geometry component, 
called layers. Using two dictionaries 
of different characteristics Ag  and At
, the image is decomposed into struc-
tural and textural components as 
I A v A vg g t t= + . The method is called 
morphological component analysis 
(MCA). The two dictionaries are 
mutually incoherent, i.e., each dic-
tionary gives a sparse representation 
for one component while yielding a nonsparse representation 
for the other component. Both dictionaries are grouped into a 
big dictionary which is then used by a basis pursuit algorithm 
to find the sparse representation of each layer. The authors in 
[58] propose an algorithm based on this sparsity seeking 
image separation into two components. Instead of a separate 
processing of the two components as in [55], the sparse vec-
tors for the two components are obtained by minimizing 

	  | | | | | | | |  min v vg p t p+ 	

such that

	 ( ), F M A v A vg g t t= + 	 (23)

where || . | | p  denotes the Lp  norm, with p  often equal to zero 
or one. To solve this minimization problem, the constraint is 
introduced as a penalization term. In [58], a TV penalization 
term is added to regularize the sparse approximation of the 
image geometry. This approach can fill in a region with com-
posite textures and structures. It however introduces blur when 
the missing region is large. 

Combining different methods  
via one energy term
Methods best adapted to different components of the image can 
also be combined by introducing several energy terms in one 
unique energy function which can then be globally optimized, 
without prior separation of structure from texture. In [36], an 
energy term comprising a texture synthesis term and a term 
measuring how patches to be stitched together agree in the 
overlap area is minimized using belief propagation. The authors 
in [21] combine energy terms related to texture synthesis, 
coherence, and geometry (by minimizing the TV of the struc-
ture of the image) as proposed in [59], into one single energy 
functional. A correspondence map between pixels to be filled in 

and pixels in the known part of the image, is then searched to 
minimize this energy functional which is the sum of three 
energy measures (self-similarity, coherence, and diffusion). The 
self-similarity energy term, as in texture synthesis, computes 
the similarity between the patch centered on the pixel to be 
filled in and the patch centered on the candidate pixel in the 
known part of the image. The diffusion term is the energy of the 
discrete Laplacian of the inpainted part of the image for a given 
correspondence map. The spatial coherence term measures the 
similarity between patches corresponding to neighboring pixels. 

Global Methods
In ill-posed image processing problems such as inpainting, image 
priors play a very critical role. Statistical and structural priors 
capture and exploit stationarity and similarity in a local neighbor-
hood or throughout the entire image. In patch-based methods, 
the missing pixels are patch-wise computed in terms of their 
neighbors, whereas in diffusion pixel-based methods, they are 
filled in by propagating neighboring pixels in a way that favors 
good edge continuation. Rather than searching to capture local 
relationships or dependencies, one can instead capture the global 
structure of the input data, using models which reproduce key 
statistical properties of images or of textures of interest. These 
models include probabilistic models of coefficients in transformed 
domains [60], sparsity models (see the section “Introducing Spar-
sity Priors”) or low-rank models. 

When using sparse priors, the input texture or image is 
assumed to have sparse representations in a certain basis. Forc-
ing sparse priors on the recovered image, the missing region is 
synthesized as a sparse linear combination of elements from an 
overcomplete dictionary. Similarly, given the spatial coherence 
and self-similarity which characterize natural images, the high-
dimensional input textures or images lie in a subspace of 
reduced dimension. This low-rank image model has led to a 
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[Fig9]  Estimation of unknown pixels with sparse priors in transform domain. A 
dictionary matrix is constructed from waveforms (DCT, wavelets). The grey part of the 
columns of the dictionary represents the masked rows corresponding to the position of 
the unknown pixels in the input patch.
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class of methods based on low-rank matrix and tensor comple-
tion, which aim at representing this subspace characterizing 
the “global” information of the image. 

Let I  be the input image to be completed. Let us assume that 
the image I  is of dimension P Q#  in which each pixel in position 

( , )x yx =  carries three color components (i.e., I RP Q 3! # # ). 
Each image color channel of I  forms a 2-D matrix Ic  with 
known and unknown entries. The matrix completion problem is 
to search for a low-rank approximation of the matrix Ic , given 
the known subset of its entries. This problem is formulated as 

	   ( ) ,min r
2
1 s.t. rankI I Ic c c2

I Sc #-t tt 	 (24)

where S  is the set of known pixels in the image (known 
entries in the image), and the rank is the number of nonvan-
ishing singular values of the matrix. This optimization is not 
convex. The problem can however be reformulated as a con-
vex programming problem by minimizing the sum of the 
singular values, i.e., the nuclear (or trace) norm instead of 
the rank [61]. The problem is in this case of finding the 
matrix with the minimum nuclear norm agreeing with the 
observed entries. 

Given that a tensor is simply a generalization of a matrix to 
higher dimensions, the low-rank matrix completion problem 
has been naturally extended to low-rank tensor completion. The 
order of a tensor is the number of dimensions also known as 
ways or modes. The three color component input image I  can 
therefore be seen as a three-order tensor to be completed. The 
problem can be formulated in a similar manner as in (24), and 
solved using the notion of trace norm for tensors as in [62]. 

Matrix and tensor completion methods work well for 
inpainting when the missing areas are not too large or when the 
rank of the original image is quite low. It is hence suitable for 
restoring images from scratches, or for removing overlayed text, 
but not so well suited for applications such as disocclusion, 
object removal or loss concealment. 

Applications
The problem of inpainting is encountered in various image pro-
cessing applications: image restoration, editing (e.g., object 
removal), disocclusion in image-based rendering, interpolation, 
loss concealment, texture synthesis or image resizing (e.g., 
enlargement). Inpainting has also been considered in the con-
text of lossy image compression: blocks within the image that 
can be recovered by inpainting are not transmitted. The goal 

here is not to assess or benchmark in terms of inpainting 
results the numerous methods which exist, nor to give an 
exhausive list of all potential applications. It is instead to illus-
trate the main applications with some examples of algorithms, 
showing the limited applicability of some of them for particular 
use cases. A taxonomy of the methods is given in Table 2. Links 
to publicly available software code implementing some of the 
above methods are given in Table 3. 

Image restoration
The image restoration problem is concerned with recovering 
an original image from various forms of degradations. The ori-
gin of the degradations to deal with depends on the applica-
tion: it can be text overlay or scratches in digital photography, 
in digital cinema, or in pictures taken of ancient paintings 
[63]. It can also be degradations that result from the capturing 
process like specular reflections, spots, and cracks in medical 
images (e.g., in endoscopic images [64]). Another application 
area is fingerprint restoration in automatic fingerprint identi-
fication systems [65]. 

In the restoration problem, the missing region is generally not 
too large, hence, local diffusion and patch-based or global methods 
give satisfactory results. Figure 10 illustrates the problem and 
gives inpainting results obtained with methods of different types: 
anisotropic diffusion [11], examplar-based inpainting, the hybrid 
method in [21], which performs a global minimization of an 
energy term, and the tensor completion method [62]. The exam-
plar-based method used here is a simple approach computing the 
patch processing order as in [31], but using similarity weights 
[47] to combine candidate patches rather than inferring the 
unknown pixels from the single best match. Given the small 
gaps to be filled in, most methods (diffusion, examplar, a fortiori 
combinations of the two, as well as more global techniques) 
give satisfactory results. 

Object removal
Another natural application of inpainting is image editing in 
which the user removes objects, hence, uncovering unkown 
parts of the image foreground. This application is well illus-
trated by the images of Figure 11 in which one foreground 
object has been removed, leaving a hole to be filled. Figure 11 
shows inpainting results with methods of different categories. 
Figure 11(b) illustrates the limitations of diffusion methods 
when the gap to be filled in is large. Diffusion introduces 
smoothing and blurring artifacts in the synthesized region. 

[Table 2] A  Taxonomy of inpainting methods.

Features PDE-based diffusion Examplar-based inpainting hybrid methods Global 
Priors smoothness self-similarity, sparsity smoothness + similarity/sparsity statistical, low rank

Optimization greedy greedy or global greedy or global global 

Sensitivity to setting low high high high 

Holes small medium to big medium to big small to medium 

Applications restoration restoration, editing, restoration, editing restoration 

disocclusion, concealment disocclusion, concealment 
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To recover the texture of the hole, examplar-based methods 
[66], methods using sparse representations [32], or solutions 
combining structure diffusion and examplar-based texture 
recovery as, e.g., [21] are more appropriate. However, examplar-
based techniques, although conceptually very simple, work 
strikingly well for these type of applications. The method used 
in Figure 11(c) uses the same patch processing order as in [31] 
but performs a linear combination of best matching patches 
with weights computed using the constrained least squares 
approximation given in (20). The method in [39], based on sta-
tistics of patch offsets, also gives very good results in this case. 
However, global methods based on low-rank approximation or 
tensor-based completion [62] are, in general, not suitable for 
this type of application, except if the hole is small or the input 
image is low rank. 

Disocclusion
Inpainting methods are also needed in 3DTV rendering on ste-
reoscopic or autostereocopic displays, as well as in the context 
of free viewpoint rendering of a 3-D scene. For the user to navi-
gate in the 3-D scene, virtual views that may be distant from 
original ones must be synthesized. The intermediate views (or 
virtual views) are usually computed with IBR algorithms that 
use the original images, scene geometry information (depth 

maps), and camera parameters. A 3-D point on the recon-
structed geometry is projected onto the image plane of a virtual 
camera. The color of the 3-D point is first computed by inverse 
projection of the original image into the 3-D space. During this 
projection process, some parts of the 3-D scene may be visible 
in the virtual view but not in the original views: they may be 

(a) (b) (c)

(d) (e) (f)

[Fig10]  Image restoration. (a) The original image (courtesy of [62]), (b) mask, (c) inpainting results with anisotropic diffusion, (d) 
examplar-based method with similarity weights (NLM),  (e) with the hybrid method (courtesy of [21]), and (f) with the tensor 
completion technique (courtesy of [62]).  

[Table 3] Li nks to publicly available code.

Methods URL 
PDE-based diffusion Fast marching diffusion [10] (in OpenCV): 

http://docs.opencv.org/modules/photo/doc/
inpainting.html 

Examplar based Third party code of [31]: http://www.csee.wvu.
edu/~xinl/source.html 
http://daviddoria.com/?p=126 
[22]:http://people.irisa.fr/Olivier.Le_Meur/
publi/2013_TIP/index.html 

Sparse methods [51]: http://www.cs.technion.ac.il/~elad/software/ 
Adaptive [53]: http://eeweb.poly.edu/~onur/
source.html#recover_code 
Local/nonlocal [54]: http://www.csee.wvu.
edu/~xinl/demo/inpainting.html
Texture/structure separation (MCA) [56]: 
http://jstarck.free.fr/mca.html 

Global/hybrid 
methods

Tensor completion [62]: http://pages.cs.wisc.
edu/~ji-liu/ 

Authorized licensed use limited to: George Tziritas. Downloaded on December 28,2020 at 07:32:34 UTC from IEEE Xplore.  Restrictions apply. 



	 IEEE SIGNAL PROCESSING MAGAZINE  [142]  JANUARY 2014

hidden by foreground objects. When synthesizing a virtual view, 
these parts become disoccluded, resulting in pixels with 
unknown color. These pixels need to be estimated using inpaint-
ing techniques. 

Figure 12 illustrates this application by showing in (a) a refer-
ence view (view four of the multiview sequence called ballet (see 
[67]) and in (c) the result of the projection on a virtual viewpoint 
corresponding to a displacement to the right of the camera. Dis-
occluded areas due to the projection appear and have to be filled 
in. When the camera is moving to the right, missing areas (e.g., 
disocclusion areas) appear on the right side of foreground objects. 
Therefore, to prevent the propagation of foreground patches into 
the background, the filling has to be performed from the right to 

the left side. Otherwise for a leftward shift of the camera, the 
missing areas should be filled in from the left to the right side. 
Figure 12(c) shows the inpainted result using the examplar-based 
method in [66] adapted so that the candidate patches are 
searched in a window shifted according to the camera displace-
ment (i.e., shifted to the right for a rightward camera shift). 

The gaps to be filled in do not result from explicit object 
removal as in an image editing application. However, the diffi-
culties and characteristics, as far as the inpainting algorithm is 
concerned, are very similar for both applications. In this appli-
cation, the inpainting can nevertheless also benefit from taking 
into account the depth information in addition to the three 
color components, e.g., for finding best matching patches. 

(a) (b) (c)

(d) (e) (f)

[Fig11]  Object removal application (a) mask and inpainting results with methods from different categories, (b) anisotropic diffusion 
(courtesy of [11]), (c) examplar-based with LLE (courtesy of [66]), (d) patch sparse representation (courtesy of [32]), (e) hybrid with one 
global energy minimization (courtesy of [21]), and (f) patch offsets (courtesy of [39]). [(a) courtesy of www.magazinehive.com.]

(a) (b) (c)

[Fig12]  The view synthesis for the sequence ballet. (a) The known reference view projected into virtual viewpoints. (b) Projection of 
the reference view on a virtual viewpoint with rightward shift of the camera (white areas are disoccluded areas). (c) The inpainted 
version of the projected image. (Images used courtesy of [67].)
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Loss concealment
Image and video transmission over best-effort packet-based net-
works suffers from packet losses that result in missing areas in 
the decoded images. The loss concealment is a postprocessing 
performed after decoding that searches to recover lost parts of 
an image by exploiting dependencies within the image or 
between adjacent images in a video sequence. The positions of 
the missing areas depend on the data packetization scheme. 
Transmission schemes, such as the flexible macroblock order-
ing, avoiding placing adjacent blocks of pixels in the same 
packet, have been specified in the H.264 standard, to ease the 
concealment process in case of packet losses. 

In transmission and decoding systems that are practically 
used today, the loss concealment is usually performed using a 
simple copy from previous frames that have been correctly 
received or using simple spatiotemporal interpolation. However, 
inpainting techniques are useful tools in this context as well, 
although complexity issues become quite crucial in this con-
text, where the inpainting must be done in real time. This appli-
cation is illustrated in Figure 13, where the inpainting is done 
using the hybrid local/nonlocal sparse representation method. 
As far as the inpainting methods are concerned, the problem is 
similar to the object removal application, therefore, in this case 
as well, patch-based methods using examplars or sparse priors, 
or hybrid methods combining diffusion and examplar-based 
techniques give very good results. 

Conclusions
Image inpainting has received a lot of attention in the past few 
years. Numerous and different types of approaches have been 
proposed with varying applicability in restoration, object 
removal, disocclusion, or in texture synthesis. These algo-
rithms have, however, limited direct applicability for video 
inpainting, which remains an open problem, despite prelimi-
nary solutions making assumptions in terms of moving 
objects or camera motion. Tracking moving objects in a video 
(the ones to be removed or others impacted by missing data 
due to losses or occlusions) in an unsupervised manner 
remains a difficult problem. 

The quality assessment of inpainted images is another open 
and difficult issue, as no quantitative metrics exists. Fidelity met-
rics cannot be used given that, for most inpainting applications, 
the ground truth is in general unknown. One has to rely on a sub-
jective assessment to evaluate whether the inpainted images are 
visually pleasing and physically plausible. 
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