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Abstract— Image In painting is the art of filling in missing 

data in an image. The purpose of in painting is to reconstruct 

missing regions in a visually plausible manner so that it 

seems reasonable to the human eye. There have been 

several approaches proposed for the same. In this paper, we 

present an algorithm that improves and extends a previously 

proposed algorithm and provides faster in painting. Using 

our approach, one can in paint large regions (e.g. remove an 

object etc.) as well as recover small portions (e.g. restore a 

photograph by removing cracks etc.). The in painting is 

based on the exemplar based approach. The basic idea 

behind this approach is to find examples (i.e. patches) from 

the image and replace the lost data with it. This technique 

can be used in restoring old photographs or damaged film. 

Key words: In painting, Exemplar, Texture Synthesis, 

Priority, Object Removals. 

I. INTRODUCTION 

The goal of image in painting is to restore parts of an image, 

in such a manner, that a viewer cannot detect the restored 

parts. One application of image in painting is to retouch 

damaged parts of a digital picture. Before the in painting 

process is started, the user defines a binary mask for the 

image, which marks the region that should be restored. The 

following image in painting task is automated and needs no 

further user interaction. 

The term image in painting was coined (Bertalmio 

et al, 2000). The under-lying idea of the suggested method is 

to smoothly complete isophote lines, arriving at the border 

of the region that should be in painted, from the outside of 

the border to the inner region. Two draw-backs of image in 

painting methods based on PDE are that they only perform 

well on small in painting regions and that they are not able 

to fill in texture (P. P. A. Criminisi, 2004). 

Criminisi et al. present a method called exemplar-

based image in painting (P. P. A. Criminisi, 2004) that uses the 

main idea PDE and is able to fill in texture. 

This heuristic approach also makes it possible to 

fill bigger regions. Instead of using a heuristic approach, 

Roth et al. propose an algorithm called Fields of Experts 

(FoE) (S. Roth, M. Black, 2009) that is based on probability 

theory. The authors use a model which is trained on an 

image database - to describe the continuity of image features 

(like edges for example). With this model it is possible to 

carry out the image in painting task. 

II. SURVEY ON IMAGE INPAINTING TECHNIQUES 

There are mainly two methods found in literature of in 

painting:  

1) Structural in painting  

2) Textural in painting  

Structural in painting uses geometric approaches 

for filling in the missing information in region. This 

algorithm focuses on the consistency of the geometric 

structure. This algorithm also used in the decomposition is 

of bounded variation, representing the underlying image 

structure (Komal s Mahajan, et al, 2012). 

Textural in painting use to captures the texture and 

possible noise. And also complete the missing regions using 

similar neighborhoods of the damaged pixels (Komal s 

Mahajan, et al, 2012).  

Diffusion based in painting was the first digital in 

painting approach. In this approach missing region is filled 

by diffusing the image information from the known region 

into the missing region at the pixel level.  

PDE based algorithm, this algorithm is the iterative 

algorithm. PDE based technique has been widely used in 

number of applications such as image segmentation .If 

missing regions are small one then this algorithm is works a 

good result but when the missed regions are large this 

algorithm will take so long time and it will not produce good 

results.  

Another category of in painting is exemplar- based 

in painting algorithm. This method of image in painting is 

an efficient approach to reconstructing large target regions. 

Exemplar-based in painting approach iteratively synthesizes 

the target region by most similar patch in the source region. 

These algorithms also overcome the drawbacks of PDE 

based in painting. Also it removes smooth effect of the 

diffusion based in painting algorithm  

(A. Criminisi., et al, 2003). 

The techniques of the image in painting including 

exemplar based in painting, PDE based in painting, and 

Texture Synthesis based in painting and Hybrid In painting. 

 Exemplar based in painting 

This method of image in painting is an efficient approach to 

reconstructing large target regions. Exemplar-based in 

painting approach iteratively synthesizes the target region by 

most similar patch in the source region. The exemplar based 

approach samples the best matching patches from the known 

region, whose similarity is measured by certain metrics, and 

pastes into the target patches in the missing region. 

Basically it consists of two basic steps: in the first step 

priority assignment is done and the second step consists of 

the selection of the best matching patch (A. Criminisi, et al, 

2003).  

The conventions that we use throughout the paper 

are similar to earlier papers that deal with this problem of 

image in painting [1], [21], [22]. Here, I represent the 
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original image. Ω represents the target region, i.e. the region 

to be in painted. Φ represents the source region, i.e. the 

region from which information is available to reconstruct 

the image. Generally, Φ = I – Ω. Also, we use δΩ to 

represent the boundary of the target region, i.e. the fill front. 

It is from here that we find some patch that is to be filled. 

Our algorithm is basically an extension to the algorithm 

proposed by Criminisi et al. [21]. Using this algorithm, we 

can in paint large missing regions in an image as well as 

reconstruct small defects. Generally an exemplar based in 

painting algorithm involves the following steps: 

1) Initialize the target region. This is generally performed 

separately from the in painting process and requires the 

use of an additional image processing tool. This is 

performed by marking the target region in some special 

colour. Without any loss of generality, let us consider 

that the colour that the target region will be marked in 

is green (i.e. R = 0, G = 255, B = 0).  

2) Find the boundary of the target region.  

3) Select a patch from the region to be in painted. The 

patch size should be a bit larger than the largest 

distinguishable texture element in the image. We have 

used a default patch size of 9 x 9 which can be changed 

with the knowledge of the largest texture element in 

the image. We denote the patch by ψp.  

4) Find a patch from the image which best matches the 

selected patch, ψp. This matching can be done using a 

suitable error metric. We use the Mean Squared Error 

(please refer eq. 1) to find the best matching patch. 

MSE =∑
(f𝑥,𝑦−g𝑥,𝑦)2

N
 .            (1) 

As mentioned earlier, the result does depend 

considerably on the third step wherein a patch is selected to 

be in painted. The result that we obtain would almost always 

depend on the selection order and thus there have been 

approaches that try to define this selection order so that the 

result is improved. 

In Criminisi‟s algorithm, the priority function used 

for selecting the best patch from the target region was 

defined in a multiplicative form (please refer eq. 2). 

P (p) = C (p) x D (p).                 (2) 

Where C (p) represents the confidence term for the 

patch and D (p) the data term for the patch. These terms are 

defined in equations 3 and 4 respectively. 

C (p) = 
∑ C(q)q𝜖Ѱp ∩ Փ

|Ѱp|
 .           (3) 

D(p) = 
|ÑI p ^ .np|

𝛾
 .                (4) 

Where |ψp| is the area of the patch ψp and γ is the 

normalization factor (equal to 255 for a normal grey level 

image), np is a unit vector orthogonal to the front δΩ at the 

point p and represents the perpendicular isophote at point p. 

The value of np is found by finding the gradient for the 

source region. The source region represents a matrix with all 

ones on the points that are not in the target region and zeroes 

otherwise (i.e. for the points in Ω). Isophote can be 

determined using the gradient of the image. Cheng et al. 

[23] discovered that the confidence term that was defined in 

Criminisi‟s algorithm decreases exponentially and thus the 

multiplicative definition of the priority term needs to be 

replaced. They also proposed that the confidence term in the 

additive form of priority did not match the order of the data 

term. Thus they modified the confidence term with the 

regularized confidence term. 

Also, the authors proposed the addition of weights 

to different components in the definition of priority term so 

that a balance between confidence and data term could be 

maintained. Thus the modified priority term can now be 

represented as (please refer eq. 5) 

P(p)=𝛼 × R𝑐(p) + 𝛽 ×  D(p), 0≤ α, β ≤ 1.                  (5) 

Where α and β are respectively the component 

weights for the confidence and data terms. Also α + β = 1 

and Rc(p) is the regularized confidence term (please refer eq. 

6). 

R𝑐(p) = (1 − 𝜔) × C(p) + ω , 0 ≤ ω ≤ 1.                (6) 

where ω is regularizing factor for controlling the 

curve smoothness. Using this confidence term the value of 

the confidence term is regularized to [ω,1]. In this way the 

new priority function will be able to resist the “dropping 

effect”. Now, as we have the priorities for the patches on the 

fill front, we can find the patch with maximum priority and 

select it as the patch that is to be in painted. Let us call it ψp.  

The next step in the in painting process is to find 

the patch with the maximum similarity with the selected 

patch. In the earlier approaches, the metric used for finding 

the similarity was the mean squared error. But none of them 

defines what is to be done when we have 2 (or more) 

patches with the same mean squared error (See Figure 1). 

We found that in such cases, for some images, the algorithm 

produced visually poor results. 

 

Fig. 1: Patches with same mean square error. Selecting the 

incorrect patch may not produce the most visually plausible 

result. 

The solution to the problem that we propose 

involves the calculation of variance of the patches with same 

mean squared error. This variance (please refer eq. 8) that 

we use is the variance of the pixel values of the patch with 

respect to the mean (please refer eq. 7) of the pixels from the 

same patch that correspond to the pixels belonging to source 

region from the patch to be in painted (i.e. pixels that 

correspond to ). 

M = 
∑ F𝑝∈Փ∩Ѱ

#{p|𝑝 ∈ Փ ∩ Ѱ }
 .                                                         (7) 

V =  
∑(F𝑝∈Փ−Ѱ –M )2

#{p|𝑝 ∈ Փ − Ѱ }
 .                                                       (8) 
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Another improvement that we propose to the given 

approach is that Criminisi‟s approach looked for the best 

exemplar from the complete image. Most often, the patch 

that most resembles the selected patch lies very close to the 

patch selected to be in painted. Based on this assumption, 

we provide an approach on how to reduce the computational 

complexity of the algorithm. The diameter of the 

surrounding region to search is calculated at run time by 

taking into account the region to be in painted. We search 

for the best exemplar from a rectangle defined by (startX, 

startY) and (endX, endY).  

We can find these coordinates by using the 

maximum number of continuous green pixels in one row as 

well as a column. Let us assume that these values as cr and 

cc respectively. Then, we calculate the coordinates as 

follows. 

startX = max( 0, p − 
𝑛

2 
 − Cr  −  

Dx

2
).                         (9) 

startY = max ( 0, p − 
𝑚

2 
 − Cc  −  

Dy

2
).                      (10) 

endX = min ( w, p + 
𝑛

2 
 + Cr  +  

Dx

2
).                        (11) 

endY = min ( h, p + 
𝑚

2 
 + Cc  +  

Dy

2
).                       (12) 

Where h and w are height and width of the image 

respectively, m and n are number of rows and columns in 

the patch and Dx and Dy are constants that represent the 

minimum diameter for the X and Y directions respectively. 

These calculations ensure that there is at least one patch of 

the desired size with none of its pixels that belong to the 

target region (Ω). Doing these calculations every time we 

look for a patch will not deteriorate the performance of the 

algorithm as these calculations allow the algorithm to ignore 

quite a large number of patches. 

To verify the effectiveness of the proposed 

variance approach and the improvement in speed, we 

performed tests on several images and compared the so-

obtained results with the conventional approaches. Several 

of the images that we present here are taken from the 

previous literature and we cite the appropriate paper 

wherever possible. In most of the experiments, the patch 

size was set to 9 x 9. We will state appropriately wherever a 

different patch size was taken by us and the reasons for the 

difference. 

1) Comparison with Criminisi’s approach [21]  

 
A                    B                      C 

Fig. 2: Comparison with Criminisi‟s approach. (a) Image to 

be in painted, (b) Result using our algorithm, (c) Result 

using our implementation of Criminisi‟s approach. 

Now we present the comparison of our approach with the 

one presented by Criminisi et al. in [21]. The image in 

Figure 2 (a) was given as input to the in painting process 

that used our approach as well as to our implementation of 

the Criminisi‟s approach. The results using Criminisi‟s 

approach were not that promising whereas our algorithm 

achieved better results. The difference in the results 

occurred while searching for the best exemplar patch. In 

Criminisi‟s approach, nothing is described about which 

patch to select if we get two patches with same minimum 

error. 

During our implementation of Criminisi‟s 

algorithm, we assumed that we would choose the patch that 

was found earlier and got the results as shown. Using our 

approach, however, the best exemplar process was well 

defined and therefore it selected a better patch as shown in 

Figure 2. 

 PDE based image in painting 

Partial Differential Equation (PDE) based algorithm is 

proposed by (M. Bertalmio ,et al,2000). This algorithm will 

produce good results if missed regions are small one. But 

when the missed regions are large this algorithm will take so 

long time and it will not produce good results. Then inspired 

by this work, Chan and Shen (T. Cham and J. Shen, et al, 

2001)proposed the Total Varitional (TV) In painting model. 

This model uses Euler-Lagrange equation and anisotropic 

diffusion based on the strength of the isophotes. This model 

performs reasonably well for small regions and noise 

removal applications. But the drawback of this method is 

that this method neither connects broken edges nor greats 

texture patterns. Then telea in (Telea, et al,2004)propose a 

fast marching method. This is considered as a PDE method 

which is faster and simpler to implement than other PDE 

based algorithms. All of the above mentioned algorithms are 

very time consuming and have some problems with the 

damaged regions with a large size. PDE based technique has 

been widely used in number of applications such as image 

segmentation, restoration etc. These algorithms were 

focused on maintaining the structure of the In painting area. 

And hence these algorithms produce blurred resulting 

image.  

Another drawback of these algorithms is that the 

large textured regions are not well reproduced(A. Criminisi 

,et al,2003) 

 Texture Synthesis Based In painting 

These algorithms are used to complete the missing regions 

using similar neighborhoods of the damaged pixels. The 

texture synthesis algorithms synthesize the new image pixels 

from an initial seed. All the earlier In painting techniques 

utilized these methods to fill the missing region by sampling 

and copying pixels from the neighbouring area. For e. g, 

Markov Random Field (MRF) is used to model the local 

distribution of the pixel. And new texture is synthesized by 

querying existing texture and finding all similar 

neighborhoods. Their differences exist mainly in how 

continuity is maintained between existing pixels and In 

painting hole.( A. Criminisi, et al ,2003) 

These synthesis based techniques perform well 

only for a select set of images where completing the whole 

region with homogenous texture information would result in 

nature completion. Then later, this technique was extended 

to fast synthesizing algorithm. This technique works by 

stitching together small patches of existing images referred 
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to as image quilting. Bergen and Heeger(D.J. Heeger, et 

al,1995) developed a parametric texture synthesis algorithm 

which can synthesize a matching texture, This was done by 

matching first order statistics of a linear filter bank which 

roughly match to the texture dicrimination capabilities of 

Human Visual System [HVS]. Recently, a fast multi-

resolution based image completion based and on texture 

analysis and synthesis was introduced fang et al in (C. Fang, 

et al, 2009) In their method, the input image was analyzed 

by a patch based method using principal component analysis 

(PCA) and a Vector Quantization (VQ) based techniques 

was used to speed up the matching process of the texture 

inside the whole region. The main objective of texture 

synthesis based in painting is to generate texture patterns, 

which is similar to a given sample pattern. 

The texture synthesis based methods can fill large 

regions, but depends on user choices on sampling location 

and content of textured image.  

Texture synthesis approaches can be categorized 

into  

Three categories:  

1) Statistical (parametric)  

2) pixel-based (non-parametric)  

3) patch-based (non-parametric)  

Statistical methods are more likely to succeed in 

reproducing stochastic / irregular textures, but usually fail to 

reproduce structured/regular textures.  

Pixel-based methods build on the sample texture 

pixel-by-pixel instead of applying filters on it, And their 

final outputs are better quality than those of statistical 

methods but pixel based methods usually fail to grow large 

structured textures. Recently, a study for patch-based texture 

synthesis algorithms has shown that for handling special 

types of texture we have to develop the special purpose 

algorithms. Taking this aim and the variety of algorithms for 

texture synthesis into consideration, we can conclude that 

there is no universal texture synthesizer is present. Still it 

remains a goal to be desire.  

Why we have to use patch-based texture synthesis 

algorithm instead of pixel-based algorithm explain as 

follows In pixel-based algorithm, the copy is just a copy. 

However, in patch-based algorithms, the issue is more 

complicated as a patch, being larger than a pixel, usually 

overlaps with the already synthesized portions, so some 

decision has to be made about how to handle the conflicting 

regions. new patches simply overwrite over existing regions. 

III. CONCLUSION AND FUTURE WORK 

In this paper we review the existing techniques of image In 

painting. We discussed a variety of image In painting 

techniques such as Texture synthesis based In painting, PDE 

based In painting, Exemplar based In painting. For each 

techniques provided a detailed explanation of the techniques 

which are used for filling the missing region making use of 

image. We present an algorithm that can remove objects 

from the image in a way that it seems reasonable to the 

human eye. It can also restore old photographs (e.g. removal 

of scratches).  

Our approach extends an exemplar based in 

painting method along with a priority term that defines the 

filling order in the image. In this algorithm, pixels maintain 

a confidence value and are chosen based on their priority 

that is calculated using confidence and data term. The 

approach defines a way of differentiating between patches 

that have the same minimum mean squared error with the 

selected patch. This approach is capable of propagating both 

linear structures and two dimensional textures into the target 

region. This technique can be used to fill small scratches in 

the image/photos as well as to remove larger objects from 

them. It is also computationally efficient and works well 

with larger images.  

We are looking forward to improving the algorithm 

so that the computational complexity is further improved 

while retaining the quality of in painting and if possible, we 

would also like to improve the in painting algorithm. Also 

the in painting algorithm presented here is not meant to be 

used for in painting videos. We are also investing methods 

to improve the proposed algorithm to make it more robust. It 

is observed that the PDE based In painting algorithms 

cannot fill the large missing region and it cannot rearrange 

the texture pattern. Further study includes growth of 

efficient algorithm to decrease computational cost and the 

time required for in painting. 
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