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Figure 1: A demonstration of patch-size optimized Image Quilting.  Left: the result generated by Image Quilting of patch size optimized presented 
in this paper. The patch size is marked at the center of the picture. Center: the result of original Image Quilting[12]. Right: the result of Liang’s 
patch-based synthesis[11]. With patch size optimized, less local features are destroyed but more seam error occurs. In this paper I will explain why 
preserving local features is more important than seam errors.  

 

Abstract 
This paper presents a simple algorithm for detecting the 
lower bound of the patch size that is used in various 
patch-based algorithm for texture synthesis. This algorithm 
probes the patch size on both horizontal and vertical direction 
based on measuring the range of the local features in the 
texture. With the lower bound of patch size, an optimized 
patch size for generic texture synthesis is provided, which is a 
tradeoff with the possible randomness of patch sampling and 
preserving local features. This idea is also helpful for 
detecting a suitable patch size for patch-based approaches of 
other image analogies applications such as texture transfer 
and super-resolution. 
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1 Introduction 
Texture synthesis has a widely application in the field of 
computer graphics and image/video processing. It is 
originally motivated by texture mapping and is used in more 
extensive field such as non-photorealistic rendering and 
image analogies[15].  

Texture synthesis is to generate textures of desired size 
according to a given texture and the synthesis results should 
be sufficiently different from the given sample texture but 
should be perceived by humans to be the same texture. To 
solve this problem, currently patch-based approach is the 
most effective method. The main idea of patch-based 
approach is to synthesis new texture by  

1. taking different smaller parts of given texture, say patches. 
2. globally arrange patches under certain constrain. 
3. stitching them together in a consistent way. 

Most of texture synthesis algorithm does all of the three steps 

for one patch after the previous patch is settled.  
One goal of these steps is to make the synthesis texture 

look like the given one, say preserving local feature. On the 
other hand, we also try to meet the requirement of global 
distribution constrain for producing a different texture. Take 
the application of generic texture synthesis for example. We 
hope patches sampling and placing in a sufficient chaotic 
manner, so the global distribution constrain should be some 
kind of random distribution such as Blue Noise[1]. However, 
this goal is sometimes conflict with the first one. Texture 
synthesis algorithms try to balance the two goals, preserving 
local feature and achieving global distribution constrain, in 
the age of texture synthesis research. 
 
1.1 Previous Work 
The field of texture analysis and synthesis has been explored 
for a long time. Most of early approaches for texture 
synthesis are based on parametric models. Heeger and 
Bergen[2] use color histograms across frequency bands as a 
texture description. Szummer and Picard[3], Soatto et al.[4], 
and Wang and Zhu [5] have proposed parametric 
representations for video texture. Latest Portilla and 
Simoncelli’s model[6] includes a variety of wavelet features 
and their relationships, and is probably the best parametric 
model for image textures to date. All early methods based on 
parametric models works well on stochastic textures but fails 
when deal with more structured textures. Synthesis of 
structured textures is improved by Portilla and Simoncelli’s 
model[6], but it is at the cost of complicated optimization 
procedure.  

Another kind of approach is to synthesis in a 
non-parametric way. DeBonet[7], who pioneered this group of 
techniques, samples from a collection of multi-scale filter 
responses to generate textures. Efros and Leung[8] provides a 
simple method of generating texture by copying pixels 
directly from the input texture with the constrain of similar 



neighborhood. This method is extended to multiple frequency 
bands and used vector quantization by Wei and Levoy[9]. 
These techniques synthesis texture pixel by pixel (patch size 
is 1 in the patch-based view), which derives methods of 
patch-based.  

Patch-based approaches tend to copy a block of pixels to 
the synthesis texture instead of just one pixel at a time. Firstly 
Guo et al.[10] present an algorithm for sampling blocks of 
pixels from input texture randomly and placing them 
randomly with alpha blending on the overlapped borders. 
This method is really fast and works pretty well on stochastic 
textures. Liang et al.[11] and Efros and Freeman[12] propose 
similar algorithms that improve the method of Guo et al. [10] 
by the means of optimizing the choice of the patch by 
matching on the edge. The new methods also work well on 
highly structured textures but are not so fast as the first one. 
All patch-based methods mention above use a fixed size of 
patch that is empirically chosen or interactively adjusted by 
user. Currently, a new tide of using dynamic patch size rises. 
Nealen and Alexa[13] present a hybrid method of recursively 
reduce patch size by half (starting from a size empirically 
chosen) when great border mismatch appears. This method 
successfully reduces edge artifacts on the overlapped borders, 
say seam error, but sometimes at the cost of destroying local 
features along the edge. Another novel method of dynamic 
patch size is proposed by Kwatra et al.[14] based on graphcut 
technology. In this method, the whole input texture is used as 
a patch and is cut when stitching to other patches. Before 
patches are placed and stitched, the size of patch is 
unpredictable. It achieved a good balance of preserving local 
features and seam errors. However, It should be a great 
shortcoming for some applications of image analogies that 
the proper position of the patch placed on the synthesis image 
is constrained by the content of the patch because the patch 
size is unknown.  

 
1.2 Motivation 
Great motivation of texture synthesis is the application of 
texture mapping for 3D rendering so it is usually discussed 
with the application background of screen display. It is 
implied that the original textures are of screen resolution 
(about 90dpi), on which empirically choosing a patch size is 
based. However with the development of non-photorealistic 
rendering, texture synthesis is also used in applications of 
image analogies. Image analogies not only involve in screen 
display but also in printing, therefore the assumption of low 
image resolution no longer stands.  

For patch-based texture synthesis, a proper size of patch 
reflects the measure in pixel of the range of the local feature. 
For regular texture, the patch size should be a multiple of the 
texel size. Liang et al. [11] uses WB a reduced size of fixed rate 
of the input image:  
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                Win and Hin is the size of the input texture. 

This method handles different image resolutions but does not 
reflects the measure of the range of local feature. For generic 
texture synthesis, a great value of patch size reduces the patch 
search space in the input texture, harmful for choosing a good 

matched patch, and a small patch size tend to destroy local 
features. In the fact, a proper WB/Win or WB/Hin is varied 
from texture to texture instead of a fixed rate. 

Further more, patches are all squares in previous works, 
Guo et al.[10], Liang et al.[11], Efros and Freeman[12] and 
Nealen and Alexa[13]. But local feature can be anisotropy that 
the size of local feature range may be different on the 
direction of horizontal and vertical. In this paper, rectangle 
patches are used. 

 
2 The Proper Patch Size 
A proper patch size should be large enough to capture local 
features and should not be so big that cover most area of the 
input texture. In this section, I first present the algorithm for 
detecting the lower bound of the patch size and then turning 
the size for the application of generic texture synthesis.  
 
2.1 The Lower Bound Of The Patch Size 
Usually, texture is modeled as a Markov Random Field[8,11,12]. 
It is assumed that the underlying stochastic process is both 
local and stationary. The lower bound of patch size is the 
minimal size of node blocks in the MRF that have the 
identical statistical property in any position. This idea can be 
described in another view based on image window 
similarity[9]. If a window is large than the range of the local 
feature, the content of the window should be similar 
regardless of the position of window. The stationary of the 
underlying stochastic process is described in the sense of 
multiple resolutions from fine to coarse, say multi-resolution 
stationary. Observing with a proper window size the 
underlying stochastic process appears stationary property 
near as a constant. 

Here I measure the similarity S of two images as the 
follow: 
Let A and B be the two grayscale images of w×h. 
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S equals to the difference of means of the two images. In the 
sense of the image similarity defined like this, I state the 
definition of multi-resolution stationary stat: 
Let wp and hp be the patch size. 

P be the set of all possible window position: 

[ ] [ ]{ }pp hhywwxyxP −∈−∈= ,1,1),(:  

I be the grayscale image of the input texture.  

Bi,j be the sub image of I at i,j and with the size of wp×hp. 
Therefore:  

  
Figure 2: Different range of local feather.  

Left: Having a local feather range more than half of the image size. 
Right: Having a local feather range lass than quarter of the image size. 

 



 
 

D(*) is standard deviation of set *  
Mean(*) is the mean of the image. 

The function Stat(wp,hp) indicates the degree of stationary at 
the resolution of being observed in wp×hp window. Detecting 
the lower bound of patch size is based on this function. 
Detection can be divided into two stages.  

1. Cursorily detect a square size by search the first local 
minimum of the function Statsquare(s)= Stat(s,s). The s 
glows discretely, for example 2 pixels at a time. 
Suppose the first local minimum appears at s=s0. 

2. Search the first local minimum of:  
Stathorizontal(w)=Stat(w, s0)      at w=w0. 
Statvertical (h)=Stat(s0 ,h)        at h=h0. 

Therefore the minimal patch size, say the lower bound of 
patch size, is w0×h0.  

The method for searching the first local minimum of a 
discrete function is presented in the appendix. 

 
2.2 Patch Size Optimization For Specific Applications 
The patch size detected in 2.1 is the smallest one and it 
should be enlarged depend on specific applications. The 
width and the height can be enlarged independently but both 
should be enlarged to the multiple of the original size.  

Take generic patch-based texture synthesis for example. 
A larger patch can reduces the number of patches which 
reduces the times of deciding choosing of a patch and 
decrease seam points. A larger patch is also helpful to capture 
local features. On the other hand, if patch is so large that 
covers most area of the input texture, thus the number of 
possible window positions P is too small. There would be 
little candidate patches for choosing a matched patch on the 
overlapped border, which tend to cause patch mismatch. The 
following gives a tradeoff between the two sides.  

Let w0×h0 be the patch size that detected in 2.1 
w×h be the size of input texture. 
wopti×hopti be the optimized size for image quilting. 

Therefore: wopti=Opti(w0,w) and hopti=Opti(h0,h) 
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wopti×hopti is a good patch size in theory. In practice, I used 
another Opti(*) for the demonstration of improved image 
quilting. Because the overlapped border is partially 
mismatched when the border contains many texture elements, 
local features sometimes are destroyed by Minimum Error 
Boundary Cut algorithm of image quilting. In demonstrations 
of results the function Opti(*) for improved image quilting is: 
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An additional adjustment of the optimized patch size is 
mentioned in the appendix for some texture that does not 
conform to stationary assumption very well. 

The figure 1 at the top of the paper shows the 
improvement of applying the patch size optimization. 
Comparing with the optimized one, the original one contains 
less seam errors along the stitch line but the more borders are 
mismatched. As mentioned in Kwatra et al.[14], seam errors 
can be eliminated by the means of fine sampling and pasting 
in refinement stages. However, mismatching on the 
overlapped borders is hard to be improved because the settled 
patches cannot moves. 
 
2.3 Additional Improvement   
Restoration different lighting: Texture may be captured in 
different lighting condition, which cause great difference of 
the stationary function of similar textures. Before performing 
patch size detection, I equalize the input textures by doing 
like the auto levels function from Adobe Photoshop. Formally, 
Let I be the grayscale image of w×h. 

Hi be the histogram of I, i∈[0,255]. 
I’ be the image of auto levels. 

Therefore the upper and the lower bound of grayscale (U and 
V) is: 
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Top: the curves of the three function of 
stationary on different size.  
Stage 1 local minimum appears at 22.  
Stage 2, local minimum appears at 20 
on horizontal direction and 98 on 
vertical direction. 
 

Left: the input texture from which the 
three curves are generated. The patch 
size of stage 1 is marked of S0×S0 and 
that of stage 2 is marked of w0×h0. 

Figure 3: An example of patch size detection. 

    
Figure 4: Image lighting equalization 

Left: the original image. Right: the equalized one 
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Overcome gradient lighting: If the texture is partially 
lighted, it would progressively become brighter or darker, 
which destroy the assumption of stationary property of the 
underlying stochastic process. The result of patch size 
detection tends to be larger for such textures. This situation 
can be eased by eliminating sub-band of lower frequency. I 
achieve this by the following steps: 

1. Resize the original image Iw×h to a small image M3×3. 
Only sub-band of extreme low frequency remains. 

2. Resize M to w×h by linear interpolation. 
3. Eliminate Mw×h from Iw×h as the following: 
Let I’w×h := Iw×h- Mw×h 

EM be the mean of Mw×h 

Therefore: 
Mjijiji EMII +−=′ ,,,

 

 
3 Results 
3.1 Lower Bound Of Patch Size 
The lower bound of patch size detection algorithm works 
well for widely kinds of textures, structured one (Figure 7A), 
semi-structured one (Figurer 7B) and stochastic one (Figure 
7C). For structured and semi-structured texture the lower 
bound of patch size is exactly the size of the texture element. 
For stochastic one, the lower bound of patch size is near the 
range of its local features. Some stochastic textures, such as 
cloud in figure 6, do not conform to the assumption of 
stationary of underlying stochastic process. A large patch size 
is detection for these textures and it is not a proper patch size 
for patch-based synthesis. 

 
3.2 Improved Image Quilting 
Figure 8 shows the synthesis results of image quilting 
algorithm with the patch size optimized. I compares them 
with the original image quilting[12] and hybrid synthesis[13]. 
The result is better than that of original image quilting 
because more local features are preserved and it is also 
comparable with the result generated by the hybrid synthesis. 
Thought the patch size is optimized, the result of green scales 
texture is still not very well because of the natural limitation 
of image quilting. Figure 9 shows more results of improved 
image quilting. 
 
4 Conclusion 
I presented an optimized patch size detection algorithm for 
patch-based approach of texture synthesis and related 
applications. This algorithm works well for widely kinds of 
textures of both structured and stochastic. A proper patch size 
improves the synthesis result of patch-based methods such as 
image quilting, but the improvement is limited by the natural 
limitation of the original algorithms.  

Detecting the range of local feature can be used to 
measure the level of detail of the texture, which would be 
useful in texture analysis and image analogies.  

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 5: An example of restoration gradient lighting 
Form left to right is:  Iw×h,  M3×3,  Mw×h,  I’w×h 

      
Figure 6: Some failures on non-stationary textures. 

The detected lower bound of patch size is marked at the center.  

A: 

     

B: 
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Figure 7: Results of detecting lower bound of patch size.  A: Structured textures.  B: Semi-structured textures.  C: Stochastic textures. 



 

 

  

 

 

 

 

  

 

  

 

  

 

 

 

  

 

 

 

Input Improved Image quilting Original Image quilting Input Improved Image quilting Hybrid Image synthesis 

Figure 8: Results of improved image quilting. 
The corresponded optimized patch size is marked at the center of the result of improved image quilting. 

     

     

Figure 9: More results of improved image quilting. 
The corresponded optimized patch size is marked at the center of the result of improved image quilting. 
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Appendix 
Search first local minimum of a discrete function: 
The method for searching the first local minimum of a 
discrete function is stated as the following: 
 
Let F(s) be the function of search target. s∈[a,b]. 

w be a constant that determines a requirement for width 
of a legal valley. ( w=3 by default) 

x∈[a+w,b-w]. 
 

Therefore: 
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Ψ(*) is function of monotone decreasing. In this paper, 
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With the definition of x0, we can see that a most 
approximative valley is chosen if no perfect valley of width w 
exists. This situation usually happens when a texture does not 
conform to the assumption of stationary very well.  
 
Additional adjustment of patch size: 
If a local minimum is detected with M=φ , there is an 
additional adjustment of patch size for image quilting.  
·If both of width and height encounter this situation, let 

width and height both be the half of the original size of 
input texture.  

·If only one of them encounters that, let the one equal to 
another. It is to say that the patch would be a square if the 
width and/or the height is detected with M=φ. 

An example of this situation is the 3rd texture in figure 8 that 
comparing with hybrid synthesis. The width of the patch size 
is reduced and the original detection result can be found in 
figure 7, the last texture of group C. 


