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Project Motivation
We chose to analyze and implement Image Quilting for Texture Synthesis and Transfer, a
SIGGRAPH 2001 paper by Alexei A. Efros and William T. Freeman [1].

1. Introduction
The demand for high-quality images has been greater in computer graphics and computer vision.
Image-based rendering is playing bigger roles in video games, for instance. Rather than creating the
whole physical world from scratch, we prefer pick samples from small images and synthesize realistic
novel views. The advantage of texture synthesis is that it is faster and requires a smaller input dataset.
Also, texture transfer is a useful tool in computer graphics. Texture synthesis is the process of creating
an image of arbitrary size from a different image texture. Both texture mapping work directly on flat
images and require no three dimensional information [2].
In this project we implement the image quilting algorithm for texture synthesis and texture
transfer, proposed in SIGGRAPH 2001 paper by Alexei A. Efros and William T. Freeman. The main
idea is to compose a large patch of texture by “stitching together” arbitrarily shaped smaller patched
from the input texture, that is, image quilting. Texture transfer would be implemented based on texture
synthesis [3].
The rest of the report is organized as follows: We first analyze the motivation for image quilting
(Section 2). We then discuss the implementation for texture synthesis and texture transfer respectively
(Section 3) and present simulation results that show how the method meets the desired requirements
(Section 4). We discuss the algorithm (Section 5) and present some conclusions (Section 6). [4-8]

2. Motivation [9-16]
As stated in this paper, although previous one-pixel-at-a-time synthesis algorithms works well,
there is a big issue on this algorithm. The fact is that for most complex texture’s pixels have few
choices on values that can be assigned to them. Once the algorithm has started, most pixels are
completely determined such that much time is wasted on searching these pixels. To solve the problem
of computational intensity and long running times, the paper presents “image quilting”, which treats
texture mapping as putting together a jigsaw puzzle, quilting together the patches, making sure they all
fit together.
This algorithm has two main advantages over the pixel-at-a-time-approach. The first advantage is
that, it significantly reduces the number of searches required, by transferring large patches at a time.
This leads to great decreases in running time which make it possible for less powerful computing
devices to perform such tasks. Secondly, by transferring large patches at a time, it guarantees visual
consistency within any transferred patch.
However, a potential disadvantage is that it has an increased probability for visible boundaries in
the generated texture at the points where the patches were stitched together. The paper also presents
solutions to this kind of issue.

3. Implementation
Part I. Texture Synthesis [1-2]
In this section we will implement the texture synthesis procedure. The main idea behind the
algorithm is to stitch together square texture “patches” from an input image in order to synthesize the
output image.
There are mainly three ways to construct synthesized texture. The initial idea is to randomly select
patches from a texture and put them together. This naive approach is actually quite successful for a
limited set of perfectly repetitive textures. In most semi-structures textures, though, the resulting
images will have clear borders in them where neighboring patches meet.
A better solution is to sample the patches and lay them down in overlapping patterns such that the
sampled patch has the relatively small overlapping error with the previous (left or top) patches in the
overlap region. Neighboring patches are selected based on some measure of the fit of their overlap.
This will lead to borders that are less distinct but still noticeable in many cases.
To reduce the noticeable edge artifacts, the best solution is to find the minimum error boundary cut
path on the error surface of the overlap region by Seam Carving algorithm and treat this optimal path as
the boundary of the overlap region. The idea of final improvement to the algorithm is to permit the
neighboring patches to have ragged borders. With this tweak to the algorithm, the neighboring patches
can now be chosen by selecting a path through the area of overlap that minimizes an error measure. It
is creative in the image quilting algorithm, and significantly improves the quality of synthesized texture
images. The diagram below gives a visual overview of the algorithm
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The algorithm is described as below:
(1) to generate a large target texture image we iterate through it in patch size.
(2) For every location in the target image, we randomly sample a patch from the source texture image
that overlaps with the previously selected patches within some error tolerance. For each candidate
patch from the source texture image we calculate the overlapping error with previously selected
patches on the overlap region, and then choose the patch with the minimum error.
(3) To reduce the noticeable edges, dynamic programming is applied to find a minimum cut on the
overlap region. We calculate the error surface between the previously chosen patches and the optimal
patch on the overlap region. Finally, the minimum error path on the error surface found by seam
carving algorithm is used as the boundary of the new patch.
The heart of the algorithm is the scan of the output image. To achieve the desired quilting
behavior, the scan in this algorithm proceeds in steps of (patchSize – overlapSize) pixels. This is the
key to achieve significant decrease in run-time compared with one-pixel-at-a-time approach.
Now we discuss three main steps in details:

Step a: Patch selection
During each new iteration when we need to select the best-fit patch to paste onto the current area,
the procedure for error measure is to perform a brute-force exhaustive search of all possible patches in
the input image, calculate the error for each patch, retain all patches that meet the best-fit criteria, and,
finally, randomly select one of the retained patches.
The first issue to consider is the choice of what to use for error measure. The paper asserts that
their error measure was computed based on the L2 norm of pixel values. With RGB color images,
however, each pixel consists of not one, but three values. In our implementation we computed the error
value for a given pixel to be the L2 norm of the weighted difference. The error value for a patch is the
sum of pixel error values across all pixels in overlapping area of the patch.
Step b: Calculate the error surface
The paper defines their error surface in terms of the squared difference between values at a given
pixel. In our implementation we also apply the same weighted L2 norm as the previous step and find no
significant difference between these two error choices.
Step c: Determine minimum-cost boundary cut
Once the error surface is calculated, all of the information necessary to identify the minimum-cost
boundary cut is in hand. In the paper, the authors define a cumulative path cost, E, based on pixel error
values, ei,j, on the error surface. For a vertical portion of the overlap patch, they compute the minimum
path cost, E, from a pixel in the first row to the current pixel recursively in terms of row index, i, and
column index, j, as follows:
Ei,j = ei,j + min(ei-1,j-1, ei-1,j, ei-1,j+1) (i = 2…N)
The minimum error boundary cut can be determined by searching the last (Nth) row of the
overlapping patch, identifying the minimum value, and tracing backwards. For patches with both
vertical and horizontal overlap, the authors observe that the horizontal and vertical minimum cost paths
will meet in the middle and the overall minimum can be chosen as the stopping point for the vertical
and horizontal trace backs.
There are some other parameters which we should consider seriously, patch size and overlapping
size, for instance. In this paper, there is only one parameter for the user to set, patch size. In reality, the
penalty is higher for choosing a small patch size than there is for choosing a too large of a patch size.
The main danger of an overly large patch size is that the resulting image will be too repetitive. If the
patch size is too small, key structures of the texture can be missed entirely. We also test on different
overlapping size to see the performance.

Part II. Texture Transfer
In the part we analyze the texture transfer method. In fact, it is implemented on the foundation of
texture synthesis method. The difference is that we implement the synthesis algorithm with each patch
satisfy a desired correspondence map and satisfy the texture synthesis requirements in the meantime.
For texture transfer, image being synthesized must comply with two independent constraints: (a)
the output are legitimate, synthesized examples of the source texture, and (b) the resulting image
should be similar to correspondence image. In the paper, the error term of the image quilting algorithm
is modified to a weighted sum to meet the requirements. The parameter alpha determines the tradeoff
between the texture synthesis and the fidelity to the target image correspondence map.
With the added constraint, iterative method is applied over the synthesized image several times,
and block size is reduced with each iteration. The tricky part compared with non-iteration part is that

we should preserve the quality of images which were synthesized in the previous iteration. This
iterative scheme starts out using large blocks to roughly assign where everything will go and then uses
smaller blocks to make sure the different textures fit well together.
As for the specific implementation of texture transfer, the optimal patch we sampled from the
source texture image should also obey two following constraints:
(1) the sampled patch has small match error with previously selected patches on the overlap region.
(2) The sampled patch should has small correspondence error with the target image at the desired
position.
Thus the error term should include these two constraints and look like this
totalError = alpha * overlapError + (1 - alpha) * correspondenceError
The 'overlapError' represent the difference between the optimal patch and previous synthesized
patch on the overlap region. And the 'correspondenceError' represent the error between the optimal
patch and the patch from the target image at the desired position. It is a tradeoff to choose alpha since it
balances the quality of texture synthesis and the fidelity to the target image correspondence map.
For the iterative procedure, we add an item in the equation to preserve the quality of generate
image with previous result during each iteration, Therefore, the total error term look like this
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In order to achieve a better performance, we should iterate 3 to 5 times and adjust the alpha
according to the formula
Alpha = 0.8 * (currentIteration - 1) / (totalIterationNumber - 1) + 0.1

4. Results
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5. Discussions
Texture Synthesis
From the above results, we can observe that the performance of the random method is the worst
compared with other two methods. Although the performance of images with some overlapping are
better, the noticeable edges on the overlapping regions can still be observed clearly. The images
applying minimum cut shows the best result with less edge artifacts.
We also compare the results with different patch size and overlap size to see how the different
sizes affect the performance. We observe that when the patch size is the same, the larger the overlap
size, the better results. However, the tradeoff is that the smaller patch size and large overlap size will
increase the computational complexity and running time to generate better performance.

Texture Transfer
For the implementation of texture transfer, as we can see from the above results, the source texture
image and the target image should have a good distribution of intensity to generate a realistic image.
Otherwise there is not enough variation and a lot of patches will be used repeatedly in the resulting
image.
Also, we find that as the iteration number increases, the quality of the synthesized image has been
improved. On one hand, the patch size is decreased at each iteration to represent more details of the
target image. The tradeoff here is that the quality of texture tends to be degraded. On the other hand,
the correspondence match between the sampled patch and target image is put less weight to reduce
importance for every iteration. In the meantime, the texture quality is improved to make the whole
image more natural. This objective of the iterative procedure is to guarantee the quality of
representation of target image while improving the quality of previously synthesized image.

6. Conclusion
In this paper we have analyzed and implemented the image quilting algorithm first proposed by
Efros and Freeman in a SIGGRAPH 2001 paper. We discussed the algorithm in details, the
implementation specific issues and show the results for both methods. We also discussed performance
according to the results to identify the strengths and weaknesses of the algorithm. Overall, the image
quilting algorithm works quite well on a broad class of textures. It produces high-quality synthesized
texture images very quickly. One good extension may be incorporating edge-detection techniques in
the algorithm to improve some of the boundary issues further.
There are also some challenges for the implementation of this algorithm. First, debugging process
is a pain because we have to decide many variables in the program that the algorithm does not strictly
control. The choice of texture, block size and tolerance all affect the quality of the result. Second, the
paper used relatively small size images for experiments. Computing power plays a big role when we
synthesize or transfer to large images especially when iterative number is increased to improve the
quality.
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