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ABSTRACT
This paper presents a discussion and comparison of two algorithms for Hole Filling in images: given an image with
regions of missing RGB values (holes), determine the RGB
values or fill the holes from the information available from
the rest of the image. The hole filling problem occurs commonly in image processing/computer vision when unwanted
objects have to be removed from images or some sort of disocclusion has to be performed. The first algorithm we discuss for hole filling is due to [1], referred to as the image
inpainting algorithm that attempts to fill the hole by stretching the geometric and photometric information available in
a thin band around the hole. The second algorithm is a copypaste method based on the idea of texture synthesis in [2].
Experimental results and analysis are provided.
1. INTRODUCTION
Consider the problem of hole filling in images: given an
image with regions of missing RGB values (holes), determine the RGB values from the information available from
the rest of the image. An example where this problem arises
is the removal of unwanted objects from images or handling
occlusion in images. Figure 2(a) shows an image in which
the building façade has been occluded by some foreground
objects marked as white in the image and we would like
to reconstruct what is hidden behind the foreground objects
based on the information available from the rest of the image.
We discuss and compare two methodologies for hole
filling in images — the first one is due to [1] referred to
as image inpainting; the idea is to take a band around the
hole and to fill it using the geometric and photometric information contained in this band. The second approach is
based on synthesizing artificial texture in the hole. Before
we begin a discussion of hole filling algorithms, it is important to realize that the hole filling problem is an intrinsically
ill-posed problem. Given a hole that is to be filled, there is
no clear and unique answer as to what the hole filled image

should look like. More importantly, there is no well defined
metric that tells whether one hole filled result is better than
another. The criterion that we have used to judge the performance of a hole filling algorithm is whether the hole filled
image appears visually pleasing to a human observer or not.
The organization of the paper is as follows: in section 2
we introduce the image inpainting algorithm. Section 3 introduces the copy-paste method. Section 4 provides some
implementation details related to image inpainting. Section
5 discusses and compares the two algorithms and presents
experimental results. Finally we end with conclusions in
section 6.
2. THE IMAGE INPAINTING ALGORITHM
This algorithm was introduced by [1] inspired by the works
of [3, 4] and has been extended in [5, 6, 7, 8]. In order
to fill a hole Ω, a thin band is taken around the hole and
the algorithm attempts to fill the hole using the geometric
and photometric information contained in the band. This
is done by using a variational continuation framework and
attempting to continue the level sets of the image inside the
hole by minimizing an energy functional. Specifically as
per [1], every pixel (x, y) in the hole, is updated iteratively
as follows:
I n+1 (x, y) = I n (x, y) + ∆tItn (x, y)∀(x, y) ∈ Ω

(1)

where ∆t is a time step set equal to 0.1 and Itn (x, y) is the
update at pixel (x, y) given by
(

δL(x, y) ·

⃗ y)
N (x,
⃗
|N (x, y)|

)

|∇I(x, y)|

(2)

δL(x, y) = (L(x + 1, y) − L(x − 1, y), L(x, y + 1) − L(x, y − 1))

(3)

It (x, y) =

where L is the laplacian given by

and

L(x, y) = Ixx (x, y) + Iyy (x, y)

(4)

⃗ y) = ∇⊥ I(x, y)
N (x,
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is the normal to the gradient at (x, y).

dealing with cases when the bestmatch of a window w is not
a good match. In our algorithm the difference between two
windows consists of two components: (a) the sum of color
differences of corresponding pixels in the two windows, and
(b) the number of outliers for the pair of windows. These
components are weighted appropriately to compute the resulting difference. An efficient search is performed by constructing a hierarchy of Gaussian Pyramids [11], and performing an exhaustive search at the coarsest level to find a
few good matches, which are then successively refined at
finer levels of the hierarchy. We use an adaptive window
size to find matching blocks in the image from where appropriate texture can be copied and pasted over the hole. In
cases when no good match is found, the hole pixels are filled
by averaging the known neighbors if the pixel variance of
the neighbors is low; otherwise the colors of hole pixels are
set equal to the value of randomly chosen neighbors. More
details can be found in [12].
Fig. 1.

Illustrating the Copy-Paste method

4. INPAINTING — IMPLEMENTATION DETAILS

After every A = 15 steps of inpainting as described by
above equations, B = 2 steps of anisotropic diffusion are
applied to mitigate the effects of noise while preserving the
edges.

We have tried to implement a reasonably efficient version
of the inpainting algorithm as described in [13]. Following
points are worth mentioning:
• For an image define
γ=

3. THE COPY PASTE METHOD
This method of hole filling is based on the idea of synthesizing artificial texture in the holes. For an early paper
on hole filling using texture synthesis see [9]. The copypaste method we describe here is conceptually a very simple method based on the idea of texture synthesis in [2].
The holes are filled by copying and pasting suitable blocks
from other parts of the image. The method is illustrated in
Figure 1. For recent similar and independent work see [10].
The image is scanned pixel by pixel in raster scan order
and pixels at the boundary of holes are stored in an array to
be processed. A window w is taken centered at a hole pixel
p and the image is searched for a window bestmatch(w)
which (a) has the same size as w (b) lies in a search region
ws which typically is a large window having same center
as w (c) does not contain more than 10% hole pixels and
(d) matches best with w. If the difference between w and
bestmatch(w) is below a threshold, the bestmatch is classified as a good match to w and hole pixels of w are replaced with corresponding pixels in bestmatch(w). For the
method to work well we need a suitable metric that accurately measures the perceptual difference between two windows, an efficient search process that finds the bestmatch of
a window w fast, a decision rule that classifies whether the
bestmatch found is a good match or not, and a strategy of

number of hole boundary pixels
total number of hole pixels

(6)

In this paper we will associate the notion of thickness
of a hole to the value of γ for an image in the following way: thick holes imply small values of γ and vice
versa.
• If the holes are thick, Gaussian Pyramids of the image
are created and the algorithm works from coarser to
finer levels. Specifically the image is convolved with
a Gaussian and subsampled repeatedly while (a) γ <
0.4, and (b) number of hole pixels >= 512, and (c)
number of subsampling operations performed < 4.
• Initialization: The pixel values in the holes are initialized as follows: Consider a 3×3 window centered
at an unknown pixel. Perhaps the simplest way to fill
the pixel is to average the values of the known pixels
in the 3×3 window and assign the average value to the
unknown pixel. But if the values of neighbors differ
significantly then averaging can lead to appearance
of spurious colors and blurring. In case of high pixel
variance, instead of averaging, the unknown pixel can
be assigned the value of a randomly chosen neighbor.
We call this method of interpolation as SimpleInterpolation. The holes are initialized using SimpleInterpolation starting from the boundary pixels and propagating inwards. This is the same technique we use

in the copy-paste method to fill holes when no good
matches are found in the image. In fact if the hole
pixels are filled by averaging the neighbors starting
from the periphery of the hole and propagating inwards, then the result obtained approximates the solution of the Laplace Equation in the hole subject to
known boundary values, the so called Dirichlet problem in classical physics. This can be proved by using
the mean value theorem [14].
5. INPAINTING VS. COPY-PASTE
We tested the inpainting and copy-paste method on a dataset
of 8 images. Two test cases comprise of input images that
are taken from earlier papers [1] and can be used to verify our implementation of the inpainting algorithm. All
the computation is done on an Intel Pentium processor running at 2.0 GHz and operating on Windows OS. A single set of parameters is used in all the computations. Due
to space restrictions we only show the images for two test
cases in this paper in Figure 2-3. The results for the other
test cases can be seen at http://www.awargi.org/
holefilling/index.html. Table 1 shows approximate processing time.
It is found that the inpainting methods are appropriate
for filling thin holes in non-textured regions but suffer from
the limitation of local inpainting i.e. image inpainting does
not rely on global feature or pattern recognition [7]. Also
it must be remarked that when holes are thin, other simpler methods like linear interpolation of surrounding values
or SimpleInterpolation introduced in this paper give results
comparable to that obtained with inpainting and at a fraction of the computational cost. The copy-paste method on
the other hand performs better on thicker holes and is more
suited for filling texture holes in images as evidenced in the
figures and table 1. Following salient features of the copypaste method emerge:
• The method works well on holes in repetitive patterns, textures and smooth regions.
• The method is able to detect and complete straight
edges and linear features satisfactorily because it is
able to take a small sample of a line and replicate it to
extend the line. Note this for example in figure 3.
• The method does not suffer from the limitation of local inpainting.
• The method is capable of filling holes in an iterative
fashion that are larger than the matching window itself.
• There is an inherent assumption that there exists some
region in the image which can be copied and pasted

Image
Graffiti1
Graffiti2
Campanill
Atlas42
Atlas54
WellsFargo
Vegas3
Pier39

γ
0.8347
0.7372
0.1898
0.1226
0.1090
0.0783
0.0425
0.0386

Inpainting
0.4
0.3
0.3
>2
>2
>2
1.55
1.36

Copy-Paste
0.4
0.3
0.1
0.15
1.86
0.07
0.08
0.02

Table 1. Table showing approximate processing time in
hours for the test cases in the paper.

over a hole — this actually turns out to be true in
many natural images. Nevertheless there should be
some strategy of dealing with cases when there is no
good match that can be copied and pasted.
Finally, in its basic form (without making a Gaussian
Pyramid hierarchy), the runtime of the inpainting algorithm
is linear in the number of hole pixels in the image. The
runtime of the copy-paste method is not so easy to analyze
and depends on various factors:
• The size of the search region in which the matching
block is searched.
• If the algorithm is able to find large matching blocks
it fills the holes much more rapidly than in the case
when matching blocks are small sized or when there
are no matching blocks at all.
Nevertheless, usually the copy-paste method fills the holes
faster than the inpainting algorithm as evidenced from the
results.

6. CONCLUSION
We presented a discussion of two methodologies for hole
filling — inpainting and texture synthesis. Inpainting performs better when γ is large such as γ > 0.6 and suffers
from the limitation of local inpainting which limits its usefulness for filling texture holes in images. Texture synthesis
based hole filling such as the copy-paste method described
here is more suited for filling texture holes and holes that
have lower values of γ. An interesting paper that combines
the two approaches is [15] in which the authors fill holes due
to lost blocks in wireless video transmission; the algorithm
decides whether the hole is in a textured region or not using
the test described in [16]. If the hole lies in a non-textured
region it is filled using inpainting; otherwise it is filled using
texture synthesis.
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Fig. 2. WellsFargo. γ = 0.0783. Original image size 667×349 (a) input image (b) result of inpainting after more than 2
hours (c) mean update given by equation (2) plotted as a fn. of time. The jumps in the plot occur when the algorithm switches
from one level to another in the Gaussian Pyramid hierarchy. (d) result of copy-paste. time taken = 0.07 hours.
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Fig. 3. atlas42. γ = 0.1226. Original image size 326×347 (a) input image (b) result of inpainting after more than 2 hours (c)
result of copy-paste. time taken = 0.15 hours.
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