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Abstract 

Data-driven method for enhancing a desired color theme in an image 

Optimization problem  
: color theme + texture-color relationship + color constraints 
 
Quantifying the difference between an image and color theme 

nostalgic lively 
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Introduction 

Photoshop maps the original colors to a new range of colors in global 
manner. But it may result in over-modification and unnatural results 

Directly forcing image regions to closely follow colors from a desired color 
theme may be over-aggressive and violate commonsense knowledge 

As natural materials, such as grass and tree bark, are usually 
recognized via their textures, we propose to learn the relationships 
between texture classes and color histograms 
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Introduction 

An image has a large number of pixels while a color theme is defined  
by a small template of colors and vague verbal description 

To quantify the differences between two, we use color mood 
spaces developed through psychophysical studies [ou et al. 2004a] 
 
Both image and color theme are first mapped to points in a color 
mood space and their differences are computed as the distance 
between points 
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Related Work 

Color transfer between images, Reinhard et al. 2001 
Transferring color to greyscale images, Welsh et al. 2002 
Example-based color stylization of images, Chang et al. 2005 
Two-scale tone management for photographic look, Bae et al. 2006 

Color Editing and Transfer 

Colorization using optimization, Levin et al. 2004 
Manga colorization, Qu et al. 2006 
Appprop: all-pairs appearance-space edit propagation, An and Pellacini 2008 

Edit Propagation 
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Color and Mood 

Ou et al. [2004] proposes a three dimensional color mood space 
and empirical formulations that quantitatively connect the color mood 
space with CIELAB color space 
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Overview 
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Offline Phase 

Prior knowledge of texture-color relationships is obtained 
and such relationships are further converted to PDFs 

A list of color themes from Adobe Kuler 

Allow the usage of 
popular color themes 
available from online 

communities 
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Runtime Phase 

Compute K(5~12) soft segments 

𝜌𝑡
 = 𝜌𝑡1

′ , … , 𝜌𝑡𝐾
′ , 𝜌𝑡𝑖

′ = 1

𝐾

𝑖=1

 

𝑤ℎ𝑒𝑟𝑒 𝜌𝑡𝑖
′  𝑖𝑠 𝑡ℎ𝑒 𝑝𝑟𝑜𝑏 𝑜𝑓 𝑝𝑖𝑥𝑒𝑙 𝑡 𝑏𝑒𝑙𝑜𝑛𝑔𝑖𝑛𝑔 𝑡𝑜 𝑠𝑒𝑔𝑚𝑒𝑛𝑡 𝑖 

The probability vectors over all pixels of a given image  
define a new image with K channels, 
the colors of the resulting K soft segments form the unknown variables  
in the subsequent optimization 

[An and Pellacini 2008] 
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Editing Session 

Optimization problem  
: color theme + texture-color relationship + color constraints 

For an image segment with texture patterns,  
we use the texture descriptor of the segment as a key for searching the 
best matched texture class in our texture library, 
 
and use the corresponding color PDF to constrain optimization 

Users can fine-tune the color composition by scribbling  
and user-specified color are regarded as soft constraints 
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After Optimization 

The i-th channel of a pixel can be recomputed  
by multiplying the ratio 𝑐𝑖

𝑛/𝑐𝑖
0 

𝑐𝑖
𝑛=target avg color, 𝑐𝑖

0=original avg color 

Final color of a pixel is computed  
by linearly combining colors from all channels 

𝑐𝑡 =  𝜌𝑡𝑖
′ 𝑐𝑖

𝑛

𝑐𝑖
0 𝑐𝑡

𝐾
𝑖=1 , where 𝑐𝑡 is the original color of pixel t 
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Adobe Kuler 

Color Theme Based Image Labeling 

Flickr 

color  
theme 

database 

image 
database 

 

[Use the theme database to label each image from the image database] 
 
1. set up discrete histogram bins by quantizing colors from these 

images in the CIELAB color space using K-means algorithm 
2. normalize histogram and use the colors corresponding to the 3 or 5 

most frequent bins in a histogram to form a color composition 
3. compute the distance between this color composition and every 

chosen color theme based on EMD[Rubner et al.1998] 
 

..every image is labeled with the closest color theme 
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1. achieve this by first dividing each image into small patches 
[Felzenszwalb and Huttenlocher 2004] 

2. calculate the mean and standard deviation of the pixelwise Gabor 
filter (scale=4, rotation 6) responses within every patch 

3. cluster these texture descriptors using the K-means algorithms 
 

.. the cluster centers define the texture library 

Texture-Color Relationship 

200 classes of textures are extracted  
from images across all adopted color themes 
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Texture-Color Relationship 

For each set of images labeled with the same color theme, 
we compute a family of color histograms, one for each class of texture 

Only the chrominance channels are involved 
and set up 100 histogram bins by running vector quantization 
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Continuous  
Probability Density Estimation 

color histograms 
with discrete bins 

continuous probability 
density function 

GMM 

Sky Grass 
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Continuous  
Probability Density Estimation 

si : an image segment 
Ti : the most likely texture class for si 

𝐻𝑇𝑖 : the pre-computed color histogram indexed by Ti  

       and the color theme currently selected by the user 
hj : the label of a color bin corresponding to a base color (𝑎𝑗

∗, 𝑏𝑗
∗) ∈ 𝑈 

𝐻𝑇𝑖(hj) : the frequency of the base color 

 
For, any color c = (𝑙𝑡

∗, 𝑎𝑡
∗, 𝑏𝑡
∗), its probability density is.. 
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Color Optimization 

The color composition of this image is optimized  
by searching for an optimal state for every segment 

𝐸 = 𝛼𝐸1 + 𝛽𝐸2 + 𝛾𝐸3 

𝐸1= how well soft color constraints are satisfied 
𝐸2= incorporates color preference encoded in the underlying  
      PDF 𝐻𝑇𝑖

′  to ensure naturalness and realism 
𝐸3= least-square energy term,  
      which steers the color composition of the image towards 
      the desired color theme 

𝛾 : 1, 𝛽 : 10~50 times as large as 𝛼 
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Color Optimization(E1) 

𝐸1= how well soft color constraints are satisfied 

 

𝐶𝑖
   : the new color of segment si that needs to be optimized  

𝐶𝑖
 ′ : the color of a scribble 

𝐶𝑖
 0 : the avg color of representative patch of si 
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Color Optimization(E2) 

𝐸2= incorporates color preference encoded in the underlying  
      PDF 𝐻𝑇𝑖

′  to ensure naturalness and realism 
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Color Optimization(E3) 

𝐸3= least-square energy term,  
      which steers the color composition of the image towards 
      the desired color theme 

F : color space -> color mood space 
N : the number of pixels in the image 
m : 3 or 5 

𝑐𝑘
∗  : specific color in the color theme 
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Automatic Theme Driven Scribbles 

There is an automatic scribble associated with every color  
from the template of the target color theme 

Suppose there are K segments(K>M). Denote 
𝐶𝑙𝑖

 (𝑙𝑖∈1,2…m) as one of 

the color in the theme, 𝑤𝑖 =
1

𝑁
 𝛿𝑖,𝑎𝑟𝑔𝑚𝑎𝑥𝑗𝜌𝑡𝑗  
𝑁
𝑡=1 where 𝛿𝑖𝑗=1 when i=j, 

and 𝛿𝑖𝑗=0 otherwise. Then the segment where 
𝐶𝑙𝑖

 should be scribbled 

over is determined as follows. 
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Soft Segmentation 

Suppose there are K seed areas, each of which is assigned a distinct 
scalar number. The seeds along with there assigned numbers serve as 
edits for the algorithm in [An and Pellacini 2008], which propagates these 
edits and generates an influence value for every pixel. 

An and Pellacini 2008 
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Soft Segmentation 

Suppose the scalar numbers in the K edits are {v1, v2,…, vk} (0≤vj≤1) 
and the influence value at pixel t is ft(0≤ft≤1). 
We define the probability vector for pixel t as follows. 

where α is used to control the “softness” of the segmentation. 
 
- α approaches zero 

>> Largest channel approaches 1 
>> All other channel approach 0 

- α approaches infinity 
>> all channels approach 1/K 

- Typically set α between 0.2~0.5 
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Automatic Generation of Seed Areas 

1. over-segment the input image into many small patches  
2. compute the average color                                                        

and gabor-wavelet texture descriptor for every patch 

We build a graph G = {V, E},  
where V is a set of M nodes corresponding to the set of patches 
and E is the set of edges connecting neighboring nodes. 

Graph labeling problem 
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Automatic Generation of Seed Areas 

• δ : controls the relative importance of the two energy terms 
• η : controls the smoothness of the labeling result in local regions 
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Loopy Belief Propagation 

Energy function (5) can be optimized by loopy belief propagation 
[Yedidia et al.2003]. In our experiment, 𝛼 = 100 𝑎𝑛𝑑 η = 50. 

Figure 10: 
 

Left: Patches serve as graph nodes 
for texture labeling. 
 

Middle: Labeling result  
with color-coded regions 
 

Right: Seed patches after the final 
merging step are indicated in white 

A final step merges any pair of resulting regions  
• Small difference between their average colors 

 

Within each final region, we choose the patch  
with the largest belief value as the seed area of an image segment. 
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Performance 

• Image size 1024*1024 
• 10 soft segments 
• Optimization takes 0.25 seconds 
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Comparison with Color Transfer 

source image 

• Advantage of color themes available        
from online communities, saving the user’s 
effort in finding suitable reference image 
 

• Soft image segmentation and color scribbling 
facilitate local color editing 
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Comparison with Simple Filtering 

Existing filtering-based approaches can be performed with or without 
region segmentation. 
  
• Without segmentation, if the user applied a single color filter to the 

entire image, the color of certain regions might be changed in 
dramatic way to violate commonsense knowledge. 
 

• With segmentation, the choice of color filters for individual regions 
has to be manually determined. 

In contrast, our system initializes and optimizes color automatically 
according to the chosen color theme and texture information, 
while letting the user set color constraints in individual regions. 
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User Study 

• 25 participants (14 females and 11 males) with normal vision 
- Ages ranging from 18 to 45 
- 5 of professional designer 

 
• Choosing 20 test images 

Confidence score was measured by 
 
(1). How good a recolored image conforms to the color theme 
(2). The visual quality(naturalness) of the recolored image 
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T-test 

where 𝜇𝑎 represents the mean confidence value of the original image, 
while 𝜇𝑏 represents the mean confidence value of the recolored image. 
Hypothesis 𝐻0 means that the original image is more consistent with a 
given theme, which means our recolorization fails to enhance and 
express the themes. 

 𝐻1 is accepted! 
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Conclusions and Discussion 

Example-based method 
- Steering the color composition of an image                                    

towards a desired color theme impression 

Formulating unified optimization 
- Simultaneously considering desired color theme, texture-color 
relationships, and color constraints 
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Limitations 

Out-of-focus image 
- Color inference based on texture-color relationships                        
tend to generate random results 


