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ABSTRACT 
 
 

In this project we have implemented a tool to inpaint selected regions from an image. 

Inpainting refers to the art of restoring lost parts of image and reconstructing them based 

on the background information. The tool provides a user interface wherein the user can 

open an image for inpainting, select the parts of the image that he wants to reconstruct. 

The tool would then automatically inpaint the selected area according to the background 

information. The image can then be saved. The inpainting in based on the exemplar based 

approach. The basic aim of this approach is to find examples (i.e. patches) from the 

image and replace the lost data with it. Applications of this technique include the 

restoration of old photographs and damaged film; removal of superimposed text like 

dates, subtitles etc.; and the removal of entire objects from the image like microphones or 

wires in special effects. 
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1. Introduction 

The aim of the project is to develop a tool to inpaint selected regions from an image. Inpainting 

is the art of restoring lost parts of an image and reconstructing them based on the background 

information. This has to be done in an undetectable way. The term inpainting is derived from the 

ancient art of restoring image by professional image restorers in museums etc. Digital Image 

Inpainting tries to imitate this process and perform the inpainting automatically. Figure 1 shows 

an example of this technique where a building (manually selected as the target region) is 

replaced by information from the remaining of the image in a visually plausible way. The 

algorithm automatically does this in a way that it looks “reasonable” to the human eye. Details 

that are hidden/occluded completely by the object to be removed cannot be recovered by any 

mathematical method. Therefore the objective for image inpainting is not to recover the original 

image, but to create some image that has a close resemblance with the original image.  

   

(a)                                                                           (b) 

Figure 1: Removing large objects from an image. (a) Original image. (b) The building that had 

been selected manually has been removed from the image and the information from background 

is merged into the missing region.  



Image Inpainting 

2 

Such software has several uses. One use is in restoring photographs. In fact, the term inpainting 

has been derived from the art of restoring deteriorating photographs and paintings by 

professional restorers in museums etc. Ages ago, people were already preserving their visual 

works carefully. With age, photographs get damaged and scratched. Users can then use the 

software to remove the cracks from the photographs. Another use of image inpainting is in 

creating special effects by removing unwanted things from the image. Unwanted things may 

range from microphones, ropes, some unwanted person and logos, stamped dates and text etc. in 

the image. During the transmission of images over a network, there may be some parts of an 

image that are missing. These parts can then be reconstructed using image inpainting. There have 

been a few researches on how to use image inpainting for super-resolution and zooming of 

images [12].  

1.1  Currently Existing Technologies 

Currently there are very few accepted technologies, tools for carrying out the work of image 

inpainting. It is still in the beginning stages and a lot of researches are being carried out to 

explore this area.  

Due to the lack of such softwares, the restorers manually do the work of image inpainting as in 

museums etc. A notable library for carrying out image inpainting is under development and is 

hosted as an open source project at sourceforge.net by the name of “restoreInpaint”. It is aimed at 

making 8 or 16 bit depth images better. It provides several algorithms including detection 

algorithms (which covers the problem of finding target areas), Inpainting (discovers the problem 

of filling detected cracks and missing thin parts of the images, paintings and frescos), Restoration 

(deals with removing noise etc.) along with several other algorithms. It is implemented in C++.  

Another software that deals with the solution to this problem is titled “Photo Wipe” by “Hanov 

Solutions” (Available at http://www.hanovsolutions.com/?prod=PhotoWipe). It provides tools for 

selecting the region to be inpainted and then applies some algorithm to achieve the desired result. 

We present a comparison of our results and the results by using Photo Wipe later in the report. 

 

1.2  Analysis of Previous Research in this area 

There has been a lot significant work carried out in the past in the field of inpainting. The 

algorithm at first sight may seem to be something similar to noise removal from images. 

Denoising is focused towards modifying individual pixels whereas inpainting aims at modifying 

larger regions from the image. Denoising also differs from inpainting in the way that in 

inpainting there is no information about the image in the region to be inpainted as opposed to 

noise removal where pixels may contain information about both the real data and noise[1]. Thus 

specific methods are developed to answer this problem. 
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Most inpainting methods work as follows. As a first step the user manually selects the portions 

of the image that will be restored. This is usually done as a separate step and involves the use of 

other image processing tools. Then image restoration is done automatically, by filling these 

regions in with new information coming from the surrounding pixels (or from the whole image). 

In order to produce a perceptually plausible reconstruction, an inpainting technique must attempt 

to continue the isophotes (line of equal gray value) as smoothly as possible inside the 

reconstructed region. In other words the missing region should be inpainted so that inpainted 

gray value and gradient extrapolate the gray value and gradient outside the region. 

The algorithms proposed for inpainting use the information from surrounding portions of image 

to inpaint the selected region. There are mainly three approaches for inpainting: 

 

1. The first class of algorithms deals with the restoration of films. 

2. Another class of algorithms deals with the reconstruction of textures in the image. 

3. There is a third class of algorithms that deal with disocclusions.  

 

The algorithms used for film restoration are of little use in the field of image inpainting as those 

algorithms can use the information present in other frames which is not present in the case of 

image. Thus for image inpainting, we have to rely on the little information present in the current 

image to try and reconstruct the image and remove the selected region.  

Texture synthesis algorithms [9] utilize samples from the source region to rebuild the image. 

These approaches basically find the best exemplars (the group of patches that most closely 

resemble the area to be inpainted) and place them in place of the damaged area to achieve 

inpainting. Using this approach, most of the texture of the image can be rebuilt.  

Another approach to inpainting tries to recreate the structures like line and objects present in 

damaged region using partial differential equations to diffuse the known information into the 

missing regions. In this approach [1], the texture might not be recreated but it may not be 

noticeable at the first sight. This algorithm can recover structural information like boundaries, an 

edge etc. very well but fails while recovering large textured areas. Authors in [3] present a very 

fast algorithm for inpainting that uses convolution with a mask to achieve inpainting. The mask 

that they choose for inpainting is decided interactively and requires user intervention. They 

prepare the mask such that the center element in the mask is zero. This means that no 

information about a pixel is extracted using its own value. It uses the values of its neighboring 

pixels to determine its value. But this algorithm also works only for small regions and cannot 

inpaint large regions in the image.  

This paper [6] presents an algorithm to inpaint images with very high noise ratio. It uses Cellular 

Neural Networks for the same. Here noises inside the cell with different sizes are inpainted with 

different levels of surrounding information. They achieved a high accuracy in the field of 
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denoising using inpainting techniques. They provide results that show that an almost blurred 

image can be recovered with visually good effect.  

This paper [7] proposes an algorithm using Cahn-Hilliard fourth order reaction equation to 

achieve inpainting in gray-scale images. This paper [8] extends the earlier mentioned paper [7] 

by introducing a total-variation flow for images.  

Authors in [9] proposed a novel inpainting algorithm that is capable of filling in holes in 

overlapping texture and cartoon image synthesis. Their algorithm is a direct extension of 

morphological component analysis designed for separation of linearly combined texture and 

cartoon layers in a given image. Their approach differs from the one proposed by Bertalmio et. 

al. [1] where image decomposition and filling-in stages were separated as two blocks in the 

system. Their approach considers separation, hole filling and denoising as one unified task.  

 

There have been a few approaches that involve combination of structural reconstruction 

approaches and the texture synthesis approach. One such work was proposed in the paper by 

Criminisi et. al.[2]. They proposed a pioneering approach in this field that combined the 

structural synthesis approach with the texture synthesis approach in one algorithm by combining 

the advantages of the two approaches. The success of structure propagation is highly dependent 

on the order in which the inpainting proceeds. They proposed a best-first algorithm in which the 

inpainting proceeds in the decreasing order of priorities decided by the use of confidence in the 

pixels and its data values.  

 

There is also significant work carried out in the field of video inpainting. The authors in [4] 

proposed an algorithm for video inpainting by implanting objects from other video. They employ 

improved exemplar based algorithms for the same. Another approach for video inpainting 

employs information from adjacent frames and interpolate based on those frames to achieve 

inpainting [5]. Authors in [10] present an algorithm to inpaint videos using the exemplar based 

approach. They focus their research towards the restoration of old movies, and particularly 

scratch removal. They use the block based exemplar based approach and extend it using motion 

estimation. The algorithms for video inpainting, however, could not be used for image inpainting 

as the information present for image inpainting is limited to one image as compared to videos 

where information could be extracted from several frames.  

1.3  Problem Definition and Scope 

The object of the project is to reconstruct the missing or damaged portions of the image, in order 

to make it more legible and restore its unity. The whole scope of the problem can be stated as: 

• Inpaint the regions from the image that have been marked by the user for inpainting. The 

user may mark more than one region (spatially disconnected) for inpainting.  



Image Inpainting 

5 

• Given an image (I) and a region to be inpainted (Ω), inpainting would try to construct an 

image (I’) and remove the marked region in a visually plausible way (See Figure 2).  

• This can be done by using information from surrounding areas and merge the inpainted 

region into the image so seamlessly that a typical viewer is not aware of it. The quality of 

the result will depend on what is missing. If the inpainting region is small and the 

surrounding area is without much texture, the result will be good. Texture is a measure of 

image coarseness, smoothness and regularity. Images with texture contain regions 

characterized more by variation in the intensity values than by one value to intensity. 

Large areas with lots of information lost are harder to reconstruct, because information in 

other parts of the image is not enough to get an impression of what is missing. If the 

human brain is not able to imagine what is missing, equations will not make it either. 

Details that are completely hidden/occluded completely by the object to be removed 

cannot be recovered by any mathematical method. Therefore the objective for image 

inpainting is not to recover the original image, but to create some image that has a close 

resemblance with the original image. 

• It is not equivalent to noise reduction. We say that an image contains noise if the pixels in 

the image do not reflect the true intensity of the real scene. Though the two problems 

may sound strikingly similar, the approaches to solving these are different altogether. The 

main difference between noise reduction and image inpainting is that in noise, the region 

to be removed (i.e. noise) contains some information about the image whereas; there is no 

information about the image in the region to be inpainted. Also in noise, we do not have 

large regions of missing area.  

                        
(a)                                                                           (b) 

Figure 2: Example of image inpainting. Ω is shown in green color. This image on the right hand      

side is the inpainted image [1]. 
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1.4  Formulation of the present problem 

Image Inpainting methods can be classified broadly into:- 

1. Texture synthesis algorithms: These algorithms sample the texture form the region 

outside the region to be inpainted. It has been demonstrated for textures, repeating 2 

dimensional patterns with some randomness.  

2. Structure recreation:  These algorithms try to recreate the structures like lines and 

object contours. These are generally used when the region to be inpainted is small. This 

focuses on linear structures which can be thought as one dimensional pattern such as lines 

and object contours. 

 

We have chosen a combination of the above two methods combining the advantages of these 

algorithms because: 

• Capable of inpainting large regions. 

• Most of the texture of the image can be rebuilt. 

• Most of the structures of the image can be rebuilt. 

• Using structural recreation alone may introduce some blur. 

• If it is efficiently designed, it may be faster than other algorithms. 

The complete aim of the project is to deliver a tool that a user can use to remove objects from the 

image. In addition to the inpainting algorithm, another need for such a tool is to provide the user 

with a capability of selecting the regions that he wants to inpaint. The process of selecting a 

region should not be too difficult for the user. There are several methods available for the 

selection of some region from an image: 

• A user manually selects all the pixels that he wants to inpaint by clicking on the image at 

the specified points (with a brush of predefined radius). 

• The user selects only the boundary of the region that he wants to inpaint by clicking on 

few of the points on the boundary and the rest is interpolated and a polygon is formed 

that represents the target region.  

We have chosen to implement the second method of selection as it provides user with a simpler 

technique to select the region to be inpainted as the user only needs to specify few points on the 

boundary of the region to be inpainted. 

But the algorithm that we have used to inpaint the regions in the image imposes the following 

constraints: 

• Large images may take a lot of time to be inpainted. We have tried to provide a solution 

to this through our software. We also provide the option of fast inpainting wherein we 

trade-off between speed and quality of inpainting.  



Image Inpainting 

7 

• Due to memory limitations, JVM may not be able to allocate enough space for the image 

matrix to be stored for very large images. We could not provide a solution to this 

problem. Providing a solution to this problem is our foremost consideration in future. 

• As previously mentioned, since information is lost, there is no way to recover the original 

information for the region to be inpainted. Thus the result that we provide is just a close 

resemblance to the original image and may not be visually plausible sometimes. We 

would try to improve on the algorithm in the future. 

• We use green color (R = 0, G = 255, B = 0) to represent the target region (i.e. the region 

to be inpainted). We used green colors as it is the most used color while developing 

special effects in movies etc. and exact green color is less likely to occur in an image. 

Although, if it does occur in the image that is to be inpainted, it would be removed as 

well. 

1.5  Organization of the report 

The rest of this report is organized as follows. Section 2 describes the softwares and hardware 

used during the development of the project. The next section discusses about the theoretical 

tools, analysis and development of the project. Section 4 describes the development of the 

software along with the detailed methodology used in the process. Section 5 describes various 

testing strategies used during development of software. Next section concludes the project. 

Section 7 throws light upon future scope of software. 

2. Description of Hardware and Software Used 

2.1  Hardware Used 

The tool was developed and the testing performed on 2.83 GHz Intel Core 2 Quad Processor 

with 2 GB RAM.  

2.2  Software Used 

We have used Netbeans 6.8 for the development of the tool. The reason for selecting Netbeans 

ahead of Matlab for making the tool was that Netbeans is completely free software. All the 

libraries that we used are provided with the default distribution of Java Development Kit.  
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3. Theoretical Tools – Analysis and Development 

3.1 Use Case Diagram 

The following represents the use case model for our system. The user performs the following 

tasks:  

1. Open an Image. 

2. Select the region to be inpainted. 

3. Start Inpainting 

4. Save an Image 

5. Get Help 

 

Figure 3: Use Case Diagram 
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3.2  Class Diagram 

The following are the class diagrams for various classes in our project. We have four classes in 

our project, namely, the ImageInpaint class that performs the task of inpainting an image, the 

GradientCalculator class that provides functions for calculating gradient, Entry class that 

performs the image selection task and the Main class that integrates all the modules. 

 

Figure 4: Class Diagram for ImageInpaint and GradientCalculator Classes. 
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Figure 5: Class diagram for Main and Entry classes. 

 

4. Development of Software 

We have divided the software into two modules. The first module is the user interface module 

and the second is the image inpainting module.  

4.1  User Interface Module: 

The user interface module is concerned with presenting the user with an interface wherein he 

could select the region to be inpainted by marking few points of the bounding polynomial around 

the region. The points are automatically interpolated and the region inside the polygon is marked 

as the target region. The user can select as many regions as he wants in the image. The regions 

need not be spatially connected. Another feature of the user interface is that it provides the user 

with the functionality of undoing and redoing the actions that he had performed. This is useful in 
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the context of image inpainting as the output of image inpainting may depend on how well the 

area to be inpainted is selected. Thus the user can undo the changes made to the image while 

selecting a region or even after the inpainting has been performed (if he doesn’t like the output of 

the inpainting, he can undo and start over by selecting new region, or by adding to the target 

region). The following summarizes the responsibilities of the user interface module: 

a) Open an image 

b) “Save”, “Save As” the image 

c) Select the region to be inpainted by marking the boundary points. 

d) Undo, Redo some actions preformed 

e) Inpaint 

a. Inpainting 

b. Fast Inpainting 

f) Help 

g) Update the user about the progress of the inpainting performed by showing intermediate 

results of the inpainting process. 

 

(a)            (b) 

Figure 6: Selecting an object using our tool. (a) The user is required to mark the boundary points 

of the target region. The points are automatically interpolated. (b) Once the user reaches the 

starting point (shown in red in (a)) the bounding polygon is constructed and the region to be 

inpainted is marked in green. 
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The undo and redo functionalities are implemented by using a Vector to store the image at each 

step. Whenever the user selects a polygon, the polygon is drawn on the image using a graphics 

object to the image and the modified image is copied onto the Vector. Undo Action pops the top 

element from the Vector and replaces the current image with the previous element and then 

pushes the current image into another Vector that is used for storing the redo images.  

Another functionality that we provide is the selection of polygons (for representing the target 

region) from the image. This functionality is implemented by watching the mouse actions that 

the user performs. Whenever the user first clicks on the image a new polygon is started. We 

obtain a graphics object to the image and then place squares (to represent the points being 

clicked by the user) and lines (to interpolate successive points marked by the user). As soon as 

the user is within a predefined range of the starting point, we complete the polygon and mark all 

the region that is inside that polygon as green.  

4.2  Image Inpainting 

This module is concerned with the inpainting of the image. It receives the image from the user 

where the region to be inpainted is marked in green (R = 0, G = 255, B = 0). As mentioned 

earlier, we have chosen green color because of its use in the creation of special effects in movies 

etc.  

Let us first describe the terms used in inpainting literature.  

a) The image to be inpainted is represented as I. 

b) The target region (i.e., the region to be inpainted) is represented as Ω. 

c) The source region (i.e., the region from the image which is not to be inpainted and from 

where the information can be extracted to reconstruct the target region) is represented as 

Φ. 

Φ = I - Ω 

d) The boundary of the target region (i.e., the pixels that separate the target region from the 

source region) is represented as δΩ. 

We have followed the algorithm developed by Criminisi et. al. [2] with a few modifications. As 

with all other exemplar based algorithms, this algorithm replaces the target region patch by 

patch. This patch is generally called the template window, ψ. The size of ψ must be defined for 

the algorithm. This size is generally kept to be larger than the largest texture element in the 

source region. We have kept the default patch size of 9 x 9 but we may have to vary it for some 

images. Once these parameters are assigned the remaining process is completely automatic. The 

algorithm now proceeds as follows: 
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Figure 7: The flow chart of the inpainting process. 

Now let us discuss these steps one by one.  

The input to the inpainting module is the image with target region marked in green color.  

The first step is to initialize confidence values. First let us understand what these values 

represent. In this algorithm, each pixel maintains a confidence value that represents our 

confidence in selecting that pixel. This confidence value does not change once the pixel has been 

filled. We initialize the confidence value for all the pixels in the source region (Φ) to be 1 and the 

confidence values for the pixels in target region (Ω) to be 0.  

Once we have the target region, we find the boundary of the target region. For this, we first 

construct a Boolean matrix where we put 1’s corresponding to pixels which are in the target 

region (Ω) and zero at other places. Let us call this matrix as fillRegion as it denotes the region 

Output: Inpainted Image

Continue the process until no pixel is remaining in Ω

Replace the patch with exemplar and update confidence values

Chose the patch with maximum priority and find the best exemplar

Calculate patch priorities

Find boundary of target region (δΩ)

Initialize the confidence values

Input: Marked target region (Ω)



Image Inpainting 

14 

that is to be filled. We can then find the boundary of the target region by convolving the 

fillRegion matrix with a Laplacian filter. We use the following Laplacian filter for this task.  

1 1 1 

1 -8 1 

1 1 1 

Laplacian Filter 

The next step is to compute the priorities for the patches centered on the pixels in δΩ. The result 

of the inpainting algorithm depends on the order in which the target region is filled [2]. Earlier 

approaches used the “onion peel” method where the target region is synthesized from outside 

inward in concentric layers. In [2] however a different method for estimating the filling order is 

defined which takes into account the structural features of the image. They fill the target region 

in a best-first-filling order that depends entirely on the priority values assigned to the patches on 

the fill front (δΩ). They have developed the priority term such that it is biased towards the 

patches that contain the continuation of edges and are surrounded by high confidence pixels.  

Thus, for a patch ψp centered at a point p for some p Є δΩ, its priority can be defined as the 

product of two terms [2].  

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

where C(p) represents the confidence term for the patch and D(p) the data term for the patch. 

���� �  
∑ �����∈
�∩�

|
�|
 

���� �  
|���

�. ��|

�
 

where |ψp| is the area of the patch, ψp and α 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. np is found by finding the gradient for source 

region. The source region represents a matrix with all ones on the points that are not in the target 

region and zeros otherwise (i.e. for the points in Ω). The gradient that we calculate is using the 

central difference method.  

��f��, �� � ��� � 1, �� � ��� � 1, �� 

 

��f��, �� � ���, � � 1� � ���, � � 1� 
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Similarly, we find the isophotes by finding the gradient of the image matrix (The gradient for 

image is the average of gradient of R, G and B components). We can then take the perpendicular 

of gradient by utilizing the property that two orthogonal vectors have dot product zero. 

Thus the perpendicular gradient can be found as follows: 

�f�
� �  ��f� 

 

�f�
� �  �f� 

The confidence term may be thought of as a measure of our confidence in the patch that depends 

on how much reliable information is present in the patch. This focuses on the filling of those 

patches that that have more of their pixels already filled with additional preference given to 

pixels that were already filled in the source image (i.e. those pixels that were never a part of the 

target region). This incorporates preference towards certain shapes along the fill front (e.g. 

patches that are on corners of the fill front). These patches provide more relevant information 

against which to match the best patch. On the other hand, the patches that have less information 

surrounding them, e.g. in patches that have the source region pointing in towards the target 

region are ignored.  

Using the confidence term alone approximately enforces the filling order of outward to inward as 

the pixels in outer region will have greater confidence term and therefore be filled earlier than 

the pixels in the center of the target region that have smaller confidence term.  

The data term is a function of strength of the isophotes hitting the fill front, δΩ. This term boosts 

the priority of selection of those patches that an “isophotes” flows into. This means that the 

patches that have linear structures will have a higher value of data term. This is important to fill 

these regions early so as to preserve those structures securely in the target region.  

Using the confidence term along with the data term ensures that the patches that get filled earlier 

have a larger number of pixels with high confidence values surrounding them and also have 

some linear structures. This balance is handled gracefully by the single priority term calculation 

for all the patches on the fill front.  

The problem with the calculation of priority term in this approach is that the confidence term 

tends to approach very small values quickly. This is evident from the experiments performed by 

authors in [13]. This makes the computed priorities undistinguishable and thus leads to incorrect 

filling order. They call this phenomenon as the “dropping effect”. They found that the confidence 

term drops exponentially as the algorithm proceeds and thus even with the patches that have high 

data term are not selected due to deteriorating confidence term. This drawback becomes more 

noticeable while we fill large regions.  
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It is well known that numerical multiplication is very sensitive to extreme values. The priority 

function defined in the multiplicative form thus needs to be modified in order to achieve better 

results and avoid the prescribed deficiency. They proposed that instead of using a multiplicative 

priority term, if we use an additive term instead, the results appear to be better as addition is 

linear function and thus more stable to unexpected noise and extreme values.  

 �!� � "�!� � #�!� 

They found that the data term is stable enough whereas confidence term decays too fast. Thus 

instead of using the original confidence term, we use a regularized confidence term as proposed 

in [13]. This aims at regularizing the confidence term to match that of the data term.  

$%�!� � �1 �  ω� ' "�!� �  ω, 0 ≤ ω ≤ 1 

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”.  

Another improvement to this algorithm is to improve the priority term by introducing weights on 

the confidence term and data term. i.e., the new priority can now be calculated as  

 �!� �  ( ' $%�!� �  ) ' #�!�, 0 ≤ α, β ≤ 1 

where α and β are respectively the component weights for the confidence and data term. Also  α 

+ β = 1. 

Now that we have the priorities for the pixels in the fill front, we can now find the patch that is to 

be filled by finding the patch with maximum priority. The next step is to find the exemplar that 

best matches the information contained in the patch. We call this exemplar as best exemplar and 

can be found by calculating the patch with minimum mean square error with the existing 

information in the selected patch. This process of finding the best exemplar is very time 

consuming. To reduce the time required in finding the best exemplar, we search only the 

surrounding portions from the image. The diameter of the surrounding region to search is 

calculated at run time by taking into account the region to be inpainted. 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. 

*+,-+. � max �0, ! �
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2
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#�

2
� 
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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 are to ensure that there is at least one patch of the desired 

size with none of its pixels that belong to the target region (Ω). 

After we find the best exemplar, the next step is to replace the patch selected in the earlier step 

(The patch with maximum priority) with the best exemplar found in the previous step. In earlier 

inpainting techniques, the data was propagated through diffusion that leads to smoothing 

(blurring) of the image, especially for large regions. On the contrary, here the texture is 

propagated through direct sampling. Having found the source exemplar, the value for each pixel 

to be filled (i.e. ∀ @ ∈  # ⋂ BC) is replaced by its corresponding pixel value from the source 

exemplar.  

After replacing the patch with its exemplar, the confidence value for the patch that is just filled is 

updated by as follows: 

C(p) = C(q), where C(q) represents the confidence term for the patch with maximum priority. As 

filling proceeds, the confidence values start decaying indicating that we are less sure about the 

values of those pixels.  

A modification in the above algorithm that we used is that we define what happens when we get 

two patches with the same error. Criminisi’s algorithm does not define what should happen when 

we find two patches with the same minimum error. We however make the difference clear by 

finding the variance of the pixels in the patch that correspond to the target region with respect to 

the mean of the pixel values corresponding to the already filled region from the patch. We then 

select the patch that has minimum mean square error and from those patches with same mean 

square error, we select the one with minimum variance, σ.  

This process is continued until all the pixels in the target region are filled. The result of the 

complete inpainting process is the inpainted image.  
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4.3  Integration of the two modules 

Once, we have the two modules, the next step is the integration of the module. The integration 

was performed so that first the user is presented with the user interface and when he selects the 

option to inpaint the image, the inpainting module is called from within the user interface 

module. The inpainting module sends the updated image to the user interface module at every 

step of the process and thus the user can see the inpainting as it progresses. This is important 

because since the user can see the updates at every moment, it keeps him informed of how much 

inpainting has been done and how much is left.  

5. Testing and Analysis 

We applied our algorithm to several images ranging from simple images to the images with 

complex textures. We have also made comparisons with several other algorithms which we 

present side by side in this section. 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. All experiments were run on a 2.83 

Core 2 Quad Processor with 2 GB RAM.  

5.1  Comparison with the onion peel algorithm 

First of all, we present a brief comparison of our approach with the onion peel algorithm.  

 

                      (a)                                                   (b)                                            (c) 

Figure 8: Comparison with the onion peel algorithm. (a) The input image [2], (b) The image 

with one board removed.  (c) The results of inpainting using the onion peel algorithm. 
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This difference in output from the onion peel algorithm occurs because of the concentric outward 

to inward fill algorithm. On the other hand, our algorithm fills the center of the board first where 

the isophotes flows into the patch and then starts filling the outer region.  

5.2  Comparison with Criminisi’s [2] approach 

 

  (a)        (b)                                (c) 

Figure 9: Comparison with Criminisi’s approach. (a) Image to be inpainted. (b) Result using our 

algorithm. (c) Result using our implementation of Criminisi’s approach. 

Next let us compare some outputs that we obtained with the algorithm proposed by Criminisi et. 

al. [2]. 

This result that we obtained was after we started using the extension that we earlier proposed 

which involved the use of variance if the patch with minimum error was found to be the same.  

5.3  Comparison on the basis of time taken with Criminisi’s [2] approach 

Also using the fast inpainting algorithm, the time taken in inpainting the image is considerably 

reduced. For example, for the following image, we present the comparison (on the basis of time 

taken) between our approach and our implementation of Criminisi’s Approach. 
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(a)         (b) 

 

       (c)        (d) 

Figure 10: Comparison with Criminisi’s Approach (on the basis of time taken). (a) The input 

image of size 416 x 316 [2]. (b) The image with island to be removed marked in green color. (c) 

The output using our algorithm. Time taken was 2 minutes and 5 seconds. (d) The output using 

our implementation of Criminisi’s approach. The time taken was 2 minutes 35 seconds. 

5.4  Comparison with Photo Wipe ©  

Now we present a comparison of our algorithm with the current existing software for the same 

task (name Photo Wipe by Hanov Solutions).  
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(a)                                  (b) 

                      

  (c)              (d) 

Figure 11: Comparison with Photo Wipe. (a) The input image. (b) The ship selected to be 

removed. (c) Output from our algorithm. (d) Output using Photo Wipe’s Full Quality Inpainting 

option. 

5.5  Real Life Examples 

We now show a few more examples from real scenes.  

Figure 12 shows an example of noise removal using our algorithm. The noise was added 

randomly to the image and then the inpainting was applied. The inpainting algorithm was able to 

achieve a good overall result than that achieved by applying median filter on the image. The 

results are summarized in the figure. 
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(a)                                                                (b)  

   

(c)                                                               (d) 

Figure 12: Using inpainting to remove noise from the image. (a) Image with noise. (b) Result 

after applying our inpainting algorithm. (c) Result after applying 3x3 median filter on the image 

first time. (d) Result after applying 3x3 median filter twice on the image. 

Now we present an example wherein an “unwanted” person and some unwanted scratches are to 

be removed from the image. 

We have an image with two persons. One person in the image (the one in red clothes) is the 

unwanted person that we now want to remove. Other objects that we want to remove from this 

image include the scratches on the wall along with the depression on the wall at the top. We 

manually select the regions through the user interface and perform inpainting. This could be 

done by selecting one object at a time or selecting multiple objects at the same time. We present 

the example after selecting multiple objects at the same time.  
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(a)                                                                                (b) 

 

(c) 

Figure 13: Example of removing unwanted person and scratches from the wall. (a) The original 

image with an unwanted person. (b) Image with the unwanted person and scratches selected. (c) 

Image with the scratches and unwanted person removed. 

The next figure shows the example of how one can use the software for producing special 

effects. This shows an example where we have removed the mustache from Mr. Saddam 

Hussein’s face and then removed the microphone that he is wearing. The image of Mr. Saddam 

Hussein is taken from montismustache.blogspot.com. 
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(a)         (b)          (c) 

Figure 14: Example of production of special effects using our software. (a) Image of Mr. 

Saddam Hussein. (b) Mr. Saddam Hussein without mustache. (c) Mr. Saddam Hussein with the 

microphone (and the wire) removed.  

Another example that we now mention presents the image of an eagle along with water. The 

eagle selected to be removed has been inpainted by the software by reconstructing the complex 

texture from water. Note that the white lines near the leg of the eagle are preserved in the image. 

   
(a)                                                                               (b) 

Figure 15: Image with complex texture. (a) Original image [13]. (b) Image with the eagle 

removed. 
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The final example that we present here shows an image and walks through the image with 

objects with different complexities removed at each step. 

 
(a)                                                                                   (b) 

 
(c)                                                                                    (d) 

Figure 16: Removing multiple objects from a photograph. (a) The original image [2]. (b) The 

image with the sign board and one cat removed. (c) The image with another cat removed. (d) The 

image with both the men removed. 

 

6. Conclusions 

During this project we have implemented the basic algorithm presented by A. Criminisi et. al. [2] 

and then worked from thereon to improve it based on our observations and research. This 

presents an algorithm that can remove objects from the image in a way that it seems reasonable 

to the human eye.  

Our approach employs an exemplar based inpainting 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 confidence term 
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defines how much sure we are about the validity of that pixel whereas data term is focused 

towards maintaining the linear structures in the image. This approach is capable of propagating 

both linear structures and 2 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. 

It however fails for very large image for which we are facing memory allocation problems.  

7. Recommendations and Future Work 

The current approach fails for very large images where the JVM faces memory allocation issues. 

We would like to look up in this aspect so that the software can be used for large images and 

photographs.  

We are also looking forward to improving the algorithm so that the computational complexity is 

improved while retaining the quality of inpainting and if possible, we would also like to improve 

the inpainting algorithm. Also the inpainting algorithm presented here is not capable enough to 

be used for inpainting videos, i.e. removing some scratches or some objects from videos. We are 

also exploring towards this area to make it more robust so that it can be used with videos. We 

have tried using the same algorithm for different frames of a video but the results are not that 

promising.  
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