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Abstract 

Image inpainting is an important research topic in the field of image processing. The 

goal of inpainting is to recover the lost information of the target region from the rest of the 

image. Inpainting techniques can be applied in areas such as old photo restoration, object 

removal and demosaicing. Based on previous literatures of image inpainting and image 

modeling, we categorize inpainting processes of different methods and algorithms into the 

structure layer and the texture layer. Then the mathematical inpainting models and the 

formations of image impairment are analyzed and evaluated in detail. Experimental results 

are provided in the fifth section regarding to eight different algorithms measured by Peak 

Signal to Noise Ratio (PSNR) as well as direct visual perception. 

 

Keywords: image inpainting, variational method, partial differential equation (PDE), 

exemplar based method, sparse representation 

 

1. Introduction 

Image inpainting is the technique to modify and restore damaged images in a visually 

plausible way. In retrospect, this technique can be dated back to the Renaissance when 

medieval artwork artisans retouched the faded area in those deteriorated paintings using the 

paintbrush. According to this ancient artistry, in 2000, Bertalmio et al. initially proposed an 

inpainting algorithm in [1]. The underlying philosophy of this inpainting algorithm is 

simple and intuitive: it resembles the way how human artisans repair an incomplete picture, 

to create smooth transition at the border and uniform color fluid and texture inside the 

unknown area. Inpainting algorithms compute and understand the existing part of the image 

(i.e., the source region in Bertalmio’s terminology), and mathematically infer what we 

believe the pattern is in the missing holes (i.e., the target region). In a broad sense, image 

inpainting techniques follow one macro mechanism: ‘visually acceptability’.  

While image inpainting is regarded as a branch of image restoration, image 

inpainting and the traditional restoration problems are different. In traditional 

problems such as haze removal and motion deblurring, target region is damaged but 

not totally unknown. On the other hand, in the inpainting issues, information can only 

be inferred from the outside of the target region. Image inpainting has been developed 

through out the past two decades, early examples include: scratch removal of digital 

photos and old films [1-2], text erasing [1-4]. Current inpainting techniques are 

applicable widely in special effects such as object removal [1-6], zooming, 

demosaicing and super-resolution [2-7], image coding and decoding [2], and 3D 

reconstruction [8] as well. 

As Shen talked in [9], image is generated through the simulation of the underlying 

physical, chemical, and biological processes. Generally all types of image degradation 

can be classified into these tree categories. Dealing with various types of image 

degradation, we argue that finding out a proper and valid image model could greatly 

improve the inpainting performance. Representative models include Bertalmio-

Sapiro-Caselles-Ballester (BSCB) model [1], Mumford-Shah model [10-11], Navier-
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Stokes model [12], copy-and-paste patterns simulated by iterated function systems 

[13] and etc. In this paper, we consider common image models listed above and divide 

the inpainting process into the structure layer and the texture layer for further 

discussion. Terminologies used in this paper are shown in Figure 1. 

 

 

Figure 1. Inpainting Model Notations: µ Denotes a Complete Image Domain, 

often a Rectangular Area. Target Region is 𝛀 and the other Part of the 

Image is the Source Region 𝛀𝒄 (and c
   ). The Outline of Target 

Region 𝛀 is Amorphous and is Signified as 𝛿Ω. Current Inpainting Pixel is 
Represented by p(i, j) and the Inpainting Patch Centered at p(i, j) is 

Symbolized as Ψ𝑝(𝑖,𝑗) 

The rest of this paper is arranged as follows: in Section 2 and Section 3 we 

introduce and compare various algorithms according to their performance on structure 

and texture respectively. In Section 4, inpainting based on sparse representation is 

described with respect to both structure and texture restoration. In Section 5, the 

results of the generic evaluation of texture and structure are provided. Experiments 

are carried out on Matlab. The test data consists of synthesized picture and nature 

photos, and the artificial missing regions are made on crucial areas of the original 

images. Conclusion are given in Section 6. 

 

2. Structure 

Structure contains two elements: discontinuities and smooth variation. 

Discontinuities often exist within the edges and outline of an object and smooth 

variation is the overall grey scale change due to light, pose, and etc. In [14], Shen 

listed three principles of structure reconstruction as: 

I.   Locality: inpainting information comes from the neighboring pixels;  

II.  Reasonable edges restoration; 

III. Robustness on noise. 

 

2.1. Partial Differential Equations Methods 

Partial Differential Equations (PDE) are the foundation of the diffusion inpainting 

methods (also called variational methods). Before inpainting the image, user only needs to 

select the target region (the green area shown in Figure 2. PDE methods propagate the 

structure from boundary 𝛿Ω  inwards, using differential equation (mainly partial 

differential, in discrete and iterative way), which can be written as 

   
 

                                      (1) 
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where the super-index n  demotes the iterative time, I(i, j)  is the pixel at ( , )i j  in the 

target area Ω, Δ t is the step size of improvement and It
n(i, j)  denotes the inpainting 

variation (diffusion value) of each iteration. 

 

 

Figure 2. Result of the Processing of Variational Algorithm (BSCB’s 
Method) for a Scratch Recovery 

In [1], Bertalmio proposed an inpainting method based on PDE that prolongs the 

isophote lines to propagate the structure into the gap. Specifically the inpainting variation 

is composed of an isophote direction term  (the vector perpendicular to isophote line) 

and the differential of the image smoothness estimator , that is, term  in (2). To avoid 

isophote lines crossing each other, an anisotropic diffusion (3) is added B steps every A 

steps of inpainting. 

 ( , ) ( , ) ( , )n n
tI i j L i j N i j                                (2)              

 ( , , ) ( , ) ( , , ) | ( , , ) |, ( , )
I

i j t smooth i j i j t I i j t i j
t


 


   


                             (3) 

where Ω𝜀 is the area 휀 wider than Ω, 𝑠𝑚𝑜𝑜𝑡ℎ𝜀is a smooth function on Ω𝜀, and 𝑘(𝑖, 𝑗, 𝑡) is 

the Euclidean curvature of the isophotes of I . Later Bertalmio proposed a method based 

on Navier-Strokes equations, treating the isophote as fluid [12]. Bertalmio’s algorithm can 

restore smooth color fluid, but it would blur the edge and discontinuities. 

Total Variational (TV) proposed in [2], process variational inpainting in a different way. 

Inpainting variation is computed as (4). Instead of using partial differential, TV method 

process central differential of neighboring half-pixel values shown in (4). 

 
1 1 1 1
2 2 2 2

1 1 2 2

( ,0) ( ,0) (0, ) (0, )( )( , )n n
t

j j j j
I i j j

h h

 
 

    
     (4) 

where h denotes the grid size (often set as 1). In (4), j  can be represented as I I  , so 

the diffusion intensity of TV is 1 I . Therefore TV doesn’t rely on the geometry 

information of isophotes. Compared with Bertalmio’s method, TV algorithm can keep the 

repaired edge sharp and clean. However, Chan argued that good inpainting mechanism 

should follow connectivity principle of vision psychology in [15-16]. One drawback is that 

TV algorithm cuts the continuous object apart, which somehow would potentially cause 

artefacts.  

Later in [4], curvature-driven diffusion algorithm (CDD) was proposed to overcome the 

disadvantage of TV in filling-in the whole object (especially the edges). In CDD method, 

the conductivity coefficient is modified to 𝑗 = g(|κ|) · ∇Ι/|∇Ι| , where k  is a scalar 

curvature and function g(x)  is for stabilization. While CDD method keep continuous 

object connected, (| |)g   term highly increases the computing time of CDD. A fast 

inpainting approach was purposed in [17]. It convolutes the target area till convergence by 
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a constant matrix, both the computing and converge time are reduced compared with 

previous methods. 

 

2.2. Exemplar Based Methods 

Differently, exemplar-based methods use the copy-and-paste strategy to fill pixel block 

into the target region and calculates a proper filling order to ensure correct structure 

propagation, which is called Patch Selection step in exemplar-based methods (details about 

the copy-and-paste strategy can be found in the texture section). By computing a priority 

value, exemplar-based algorithms assign pixels on the continuation of image structures with 

higher priority to ensure them to be filled earlier. In Criminisi’s method [5], the priority 

term (i.e., inpainting order) consists of confidence term ( )C p  and data term ( )D p . They 

represent the measure of the available information around the pixel p  and the measure of 

isophotes strength and structure at point p  respectively [5,6], as shown in (5), (6). ( )D p  

contains information about isophote. ( )C p and ( )D p  guarantee a well ordered 

propagation of the edges while avoiding indefinite growth of the edges at the same time. 

The priority term would be updated every time when a pixel block is filled. This algorithm 

iteratively processes until all target regions are filled.  

 

( )

( )
pq

p

C q

C p
 





                                          (5) 

 ( )
p pI n

D p


 
                                           (6) 

Many ways to describe the priority term were proposed afterwards as appeared in [18] 

and [19]. Other methods as in [20] select several images with different scales (multi-

resolution) to inpaint several times to recover the structure. Additionally, the method 

proposed by Sun in [21] enhances the structure propagation capability of exemplar-based 

method, by means of manually specification of the line information of the missing area.  

 

3. Texture 

As mentioned in section 1, texture contains repetitive two-dimensional patterns with 

moderate stochasticity [6]. It can be modeled by Markov Random Fields (MRF) and Gibbs 

Fields (GF) [22-23]. Early work in [24-25] proposed effective algorithms to deal with pure 

texture. Recent algorithms employ the copy-and-paste techniques to synthesize texture, 

where the copy patch is chosen from the source region Ω𝑐. One texture recovery example 

is shown in Figure 3. 

 

    

Figure 3. Example of Exemplar Based Inpainting 



International Journal of Signal Processing, Image Processing and Pattern Recognition 

Vol. 9, No. 10, (2016) 

 

 

Copyright ⓒ 2016 SERSC   25 

Basically, copy-and-paste strategy fills the missing region pixel by pixel from the 

boundary 𝛿Ω  inwards. Once the pixel 𝑝(𝑖, 𝑗 𝜖 𝛿Ω)  was chosen, pixel p(i, j) and its 

surroundings will be bound as a square patch Ψ𝑝. Since the pixel is on the boundary, patch 

Ψ𝑝 would contain a potential texture pattern while some pixels remain unknown. Then the 

algorithm would fetch the best match 
q  in the source region measured by certain criteria 

such as sum of squared differences (SSD) in [5], appearance-space in [26], correspondence 

maps in [27], and normalized cross correlation (NCC) in [28], between Ψ𝑝  and 
q , shown 

in (7). This process iterates till all the missed pixels are filled-in.  

  min d( , )q p qarg                                                   (7) 

One problem of the copy-and-paste strategy is that the search process is time-consuming. 

In [29], an enhanced adaptive search method was proposed, altering the searching window 

based on the structure sparsity of the selected patch. Also in order to reduce the 

computational complexity of the algorithm, a simplified method was adopted in [30], with 

the assumption that most often the patch 
q  that most resembles the selected patch Ψ𝑝 

lies very close to the patch selected to be inpainted. 

 

 

Figure 4. Patches with Same Minimum SSD. For Ψ𝑝, Ψ𝑞 and Ψ𝑞′ Keep the 

Same Minimum SSD, but Obviously Selecting
 
Ψ𝑞′  is Incorrect and May Not 

Produce the Most Visually Plausible Result 

Another problem is that the distance (e.g., SSD distance) of some unbefitting bad patch 

may be the same as a good patch, shown in Figure 4. In [30] pixels are randomly chosen to 

fill in from any matches 
qi  under a certain SSD threshold. And variance is computed as 

a second criterion in [31] when this case happened. In [32] the author proposed the weighted 

aggregation of nonlocal-means information of different 
q . To find a better distance  

measure is another way to address this problem. 

In addition, optimizing coherence is another significant approach to improve texture 

inpainting performance. When two blocks close to eath other are both filled by patches far 

from them, artefact often occurs among edges of filled patches (in patch-based method). 

Spatial patch blending mentioned in [33] is an effective post-processing to diminish such 

artefact, and a fast blending version was proposed in [34]. However, extra information such 

as filling map is needed. Differently, the method in [35] offers simultaneous blending 

processing. In [36], Ψ𝑞is modified to satisfy that the boundary of Ψ𝑞 has the same image 

gradient (relative information) with the boundary of Ψ𝑝 (where Ψ𝑞 should be put in). In 

principle, Poisson-guided interpolation is introduced to solve a minimization problem by 

Poisson equation with Dirichlet boundary conditions. 

 



International Journal of Signal Processing, Image Processing and Pattern Recognition  

Vol. 9, No. 10, (2016) 

 

 

26                                                                                                              Copyright ⓒ 2016 SERSC 

4. Sparse Inpainting 
 

4.1. Sparse Compression 

In traditional signal processing, sparse representation has been proven to have an 

excellent performance in describing and compressing signals with high dimension. In recent 

research, sparse representation and sparse coding has been applied to image inpainting 

techniques. The essence of this approach is to represent image by sparse combination of an 

overcomplete set of transforms (e.g., wavelet, contourlet, DCT, or a dictionary obtained by 

training), and then the target region is inferred by adaptively updating this sparse 

representation: 

 
0

0
 s.t. x D L  

 
          (8)(8) 

where vector x denotes the original signal, 𝜒 𝜖 𝑅𝑛, D denotes the dictionary 𝐷 𝜖 𝑅𝑛×𝑘, 

containing k columns, and each column is called an atom. For sparse representation, k > n, 

so it is a over-complete dictionary (or redundant dictionary). Vector α is a sparse linear 

combination of atoms in D, ||𝛼||0 ≤ L. Frameworks of sparse representation and related 

mathematical models are proposed in [37] and [38].  

 

4.2. Computing the Sparse Representation Matrix 

Suppose the dictionary and image vector are obtained, the computational problem is NP-

hard                           (9). To solve it, there are relaxation methods such as Basis Pursuit 

(BP, also known as LASSO method [39]) to convert the NP-hard problem to L1 convex 
problem, and Greedy methods such as Matching Pursuit(MP), Orthogonal MP(OMP) [40-42], or 

hybrid methods such as StOMP [43], CoSaMP [44]. 

 
2 0

02
min     D y subject to L


  
 

                           

(9) 

 

4.3. Dictionary 

To construct a dictionary, we could use different transform, e.g., wavelets of different 

bases, Curvelets, DCT, etc., or directly train a dictionary from sample images. K-SVD 

algorithm provides an effective way to learn the dictionary [45]. For image inpainting, we 

often learn the dictionary in two ways. One is using a specific dataset of images. This is 

good for inpainting problems where the target area is very special, e.g., the face. The second 

one is using the corrupted image itself. Generally, patch (e.g., a 5*5*3 pixels block for RGB 

image) is selected to be sparse represented, shown in Figure 5. The patch size depends on 

the image size and the target region size. 

 

 

Figure 5. An Example of Sparse Representation Dictionary. Each Block 
Represents an Atom of 5*5*3  
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Figure is taken from [49]. 

 

4.4. Sparse-Representation-Based Inpainting  

Sparse representation was introduced into image inpainting in 2005 as morphological 

component analysis (MCA) in [38]. MCA method decomposes the image into texture layer 

and structure layer and uses two incoherent adapted dictionaries to recovery the two layers 

separately. While inpainting each part, MCA solve the minimization problem with l0 -norm 

term with total-variational (TV) as constraints: 

 
 

       (2) 

where l1-norm is chosen to replace l0 -norm, Tt  is the dictionary for texture and Tn  is 

for structure. Off-the-shelf dictionary is proposed in [46-47], sparse representation is 

combined with exemplar-based method, computing the fill-in order first and recovering the 

patch by sparse representation iteratively. Patch sparse representation applies well in [47-

48], which combined the sparse representation with the exemplar based texture synthesis. 

Likewise, Xu proposed a patch sparsity method in the framework of sparse 

representation and exemplar-based method, replacing the traditional isophote-based 

priority with structure sparsity priority. Priority term P(p)  is represented by structure 

sparsity among the patch and its surroundings [48]. Unlike previous methods, Xu don’t 

construct a dictionary. Instead the algorithm chooses the top-N matched patches to inpaint 

the selected pixel and optimizes the combination coefficients of those candidates to ensure 

the sparseness of linear combination. This method shows a great robustness without much 

computation time sacrifice. More valuable work of sparse representation in the application 

of image inpainting are in [49-50]. 

 

5. Experiment 

We implement experiments and compare the results in both visual perspective and 

quantitive perspective. Based on previous work in [51], we enhance the comprehensiveness 

of our experiment. Experiment images consist of both natural and synthetic images and 

target regions are created artificially on plenty of areas including the area that contains 

complex structure and texture information. The performance of algorithms is measured by 

peak signal-to-noise ratio (PSNR), where signal information comes from the original image 

(we assumed original image is the only solution of the test image). Additionally, we 

evaluate performance of different algorithms based on individuals’ visual perceptions and 

feelings. 

 

   

Figure 6. One Example of Scratch and Crease Recovery 

One inpainting example is presented in Figure 6. As shown in the figure, target region is 

often large and amorphous. Moreover, target region would cover special image information 

such as the left eye of the second girl in Figure 6, and thus inpainting artefact (e.g., 

inappropriate recovering structure and texture) would easily generate. We evaluate the 
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performances of 8 algorithms (i.e., BSCB method [1], TV method [2], CDD method [4], 

Fasting inpainting [17], Criminisi method [6], Non-local mean method [32], and Poisson 

method [35]) in various ways. Firstly, we choose images with undesired objects to be 

removed to test the above methods. And the results are shown in Figure 7. 

 

     
(a) (b) (c) (d) (e) 

     
(a) (b) (c) (d) (e) 

     
(a) (b) (c) (d) (e) 

Figure 7. Results of ObjectRremoval. (a) Masked Image; (b) BSCB Method; (c) Criminisi 
Method; (d) Non-Local Mean Method; (e) Poisson Method 

From Figure 7, we found that variational methods such as BSCB method have a worse 

performance when target region is relatively large (mostly in situations of objects removal) 

since they cause a fact of smoothing. In addition, we want to quantify this influence of 

different sizes of the target region in the inpainting process. So we artificially make missing 

squares in the image shown in Figure 8. Assuming the original image is the perfect 

inpainting result we want to obtain, we calculate the PSNR between original image and 

inpainted one. 

 

     
(a) 1*1 (b) 11*11 (c) 21*21 (d) 31*31 (e) 41*41 

Figure 8. Image Covered (Damaged) by 9 Blocks with Different Sizes 
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(a) (b) 

 
 

(c) (d) 

Figure 9. Profile of Different Algorithms Inpainting Blocks (Block Size is in 10, e.g., at 12, 
the Real Block Size is 120*120). For the Variational Methods (BSCB, TV, CDD, Fast 

Inpainting), the Step Size and Iteration Time are Fixed as 1 and 2000 Separately. And for 
the Exemplar Based Methods, the Inpainting Patch Size is 11*11 

For images with sharp edges and discontinuities, we select Figure 10 (a), and mask the 

inpainted area in green like Figure 10 (b). Different from Figure 8 (a), Figure 10 (a), is a 

synthetic image with two color blocks divided by one sharp edge in the middle. And Figure 

10 (c)-(i), are the results of BSCB method [1], TV method [2], CDD method [4], fast 

inpainting [17], Criminisi method [6], nonlocal mean method [32] and Poisson blending 

[35] inpainting. Computing time of each algorithm is provided in Table 1. 

 

     (a) (b) (c) (d) (e) 
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 (f) (g) (h) (i)  

Figure 10. Result of Different Variational Algorithms for an Image with Edge 
Structure. (a) Original Image; (b) Masked Image; (c) BSCB Method; (d) TV 

Method; (e) CDD Method; (f) Fast Inpainting; (g) Criminisi Method; (h) Nonlocal 
Mean Method; (i) Poisson Blending 

Table 1. Overview of the Inpainting Results of Different Algorithms 

PDE 

methods 
PSNR(dB) TIME(s) 

Step 

size 

Exemplar-

based 

methods 

PSNR(dB) TIME(s) 
Patch 

size 

BSCB 

method 
12.8 27.8 1.25 Criminisi 4.8 8.8 11 

TV method 9.8 31.7 1 
Non-local 

mean 
19.2 11.2 11 

CDD 

method 
7.4 361.8 1.25 Poisson 3.6 29.8 11 

Fast 

Inpainting 
8.4 18.5 1 

Non-local 

median 
34.722 58.9 11 

 

Figure 10, shows that TV method has a great advantage to keep the edge line over 

other PDE methods. Also, due to the problem shown in Figure 4, results of Criminisi 

method and Poisson blending have an obvious artifact. In Figure 12 and Table 1. 

PSNR evaluation of different variational algorithms and computing time are provided. 

Additionally, we conduct further experiment on four exemplar-based methods about 

edge recovery with more complex texture from Figure 11. 

     
(a) (b) (c) (d) (e) 

Figure 11. Result of 4 Exemplar based Algorithms. The Mask to be Inpainted is the Green 
Bar. (a) Masked Image; (b) Result of Criminisi Algorithm; (c) Result of NL-MEAN 

Algorithm; (d) Result of NL-MEDIAN Algorithm and (e) Result of POISSON Algorithm. 
(The Patch Size is 11*11) 
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Figure 12. Evaluation of Different Variational Algorithms 

The step size is crucial in practical applications. Using the method in [1], we change the 

step from 0.01 to 4, and show the PSNR results in Figure 13. When the step size is too small 

or too big, the result would converge in a very low PSNR. 

 

 

Figure 13. Inpainting Result from Different Step Size. 

A specific application of image inpainting is inpainting text. In our experiment, we only 

consider visual acceptability regardless of the semantic meaning of the results. Inpainted 

area cannot be blurred (Figure 14 (c)), disordered (Figure 14 (e)(f)), or even with too much 

blank (Figure 14 (d)). The best result is from Poisson method or Criminisi method, 

presented in Figure 14. 
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 (a) Original image (b) image with missing area (c) PDE method  

    

(d) Criminisi method (e) Non-local mean 
method 

(f) Non-local median 
method 

(g) Poisson method 

Figure 14. Example of Text Inpainting 

From the results above, exemplar-based methods generally have better performance over 

PDE methods. However, there is one type of image impairment that exemplar-based 

methods cannot finish. Target region in applications such as image super-resolution 

demosaicing and zooming consists of sub-regions with trivial size but in enormous quantity. 

In such situation, exemplar-based methods cannot find a single block in which there is no 

unknown pixel. Results are shown below. 

 

     (a) 0% (b) 10% (c) 40% (d) 60% (e) 80% 

Figure 15. Images Covered by Gaussian Noise with Different Percentage 

  (a) (b) 

Figure 16. Profile of Different Algorithms Inpainting Global Gaussian 
Noise. (a) Relation between Noise Percentage and PSNR of Different 

Algorithms; (b) Relation between Noise Percentage and Computing Time 
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6. Conclusion 

A comprehensive study about image inpainting techniques is proposed in this paper. 

Different algorithms are discussed and compared. Since both variational methods and 

exemplar-based method have their own limitation, in our opinion, a good algorithm should 

take both the structure and the texture into consideration, for example, successful avant-

garde works in [52-55]. In the last decade, deep learning has been highly developed, and 

has shown a great power on dealing with complex classification and regression problems. 

One alternative could be to use deep neural network (such as GRNN) to make regression 

on the unknown pixels. In fact the fast inpainting in [17] can be viewed as a one-layer local-

connected neural network. Out future work will focused on how to create a valid training 

dataset and how to choose a proper network structure for different inpainting problems. 
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