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Selection of Categorical Colors 

 Categorical colors 

• Color is one of the effective retinal variables for distinguishing groups of items. 

 

 Principles of effective color palettes (Trumbo, 1981) 

• Order: colors chosen to present an ordered statistical variables  should be 
perceived as preserving that order. 

• Separation: colors chosen to present the differences of a variable should be clearly 
perceived as different. 

 

 



Selection of Categorical Colors 

 In this work, we focus on separation, which is still challenging. 

• It often requires insight into aesthetic and perceptual aspects of color. 

• Wrong use of categorical colors may lead misleading interpretation of data. 

• Many visualization packages provide little guidance on color selection 

 

 

 

 



Problems 

 Dominant structures locally suppress small inhomogeneous groups. 

• Even the same colors are not perceived as equal and distinct. 

 



Problems 

 Dominant structures locally suppress small inhomogeneous groups. 

• Global contrast enhancement alleviates the symptom, but not that much. 

 



Problems 

 Dominant structures locally suppress small inhomogeneous groups. 

• This is caused by size/frequency dependency of visual sensitivity. 



Color Appearance Change 

 Size/frequency dependency 

• Visual sensitivity of the human visual system differs in spatial frequencies of data 
items in an image. 



Color Appearance Change 

 Sensitivity differs for hue and luminance. 

• Hue is tuned to lower frequency, while luminance is more sensitive in higher 
frequency. 

• Luminance/saturation is more appropriate for distinguishing small stimuli against 
large homogenous structures. 

 

“A Rule-Based Tool for Assisting Colormap Selection,” Bergman et al., 1995. 



Our Research Goals 

 
• A measure of perceptual intensity for categorical differences 
• An optimization metric to make categorical differences visible to users 



Our Approach and Contributions 

 Perceptually-driven: 

• We define class visibility as a metric to measure the perceptual intensity of a 
categorical groups. 

 

 Visibility equalization by optimization: 

• We present how to optimize the class visibility function of input data. 

• Our optimization aims to balance the local contrast of the image between small 
and large groups. 



Background: Visual Saliency Map 



Class Visibility and Local Contrast 

 Our class visibility quantifies perceptual intensity of given labeled 
categorical data points. 

 

 The perceptual intensity (neurons’ firing rate) in the human retina is 
controlled by local contrast from surrounding distractors. 

• This mechanism is biologically called the center-surround antagonism or lateral 
inhibition. 

 



Theory: Center-Surround Antagonism 

 Center-surround antagonism 

• In the visual receptive field, the two types of photoreceptors compete together. 

• The receptors in the excitatory area are fired in the presence of light, while those in 
the inhibitory area fired in the absence of light. 

 

 

 

 

 

 

 

• As a consequence, stimuli with strong local contrast from the surround is likely to 
persist to the later visual recognition stage in the primary visual cortex. 

 

 



Implementation: Computational Saliency Map 

 A computational method to emulate biological center-surround was 
realized by the cross-scale image difference (Itti et al., 1998). 

• The resulting map is called the saliency map. 

• The saliency map attempts to quantify the pixel-wise saliency values in an input 
image, which attracts the observer's attention. 

 



Class Visibility 



Classical Saliency Map 

 Given labeled data points, we like to quantify their perceptual 
intensity using the visual saliency. 

 

 However, the conventional saliency cannot be directly used, because 
the averaged colors does not represent the colors of distinct 
categories. 



Point Saliency 

 Hence, we instead introduce point saliency, which exactly weight the 
contribution of categorical color at a single data point. 

• The point saliency is measured as the color difference from the average color of 
neighboring data points. 

 

 

 

 

 

 Color difference, ∆𝜺, is measured by the CIE76 metric, which is the 
Euclidean distance in CIE Lab. 



Class Visibility 

 Our class visibility, defined for each data point, is estimated by: 

• weighting its point saliency with its structural weight. 

 

 

 

 

 

 

 

 

 



Class Visibility 

 Structural weight wp: 

• We use the number of data points, in a neighboring surround, whose labels are the 
same as the center point. 

• In this way, we can maintain categorical distinction, since we are not mixing the 
saliency contribution of different classes. 



Class Visibility 

 Structural weight wp: 

• This effectively captures the difficulty of a user to observe a specific class at narrow 
local regions. 

A green point with weak visibility 



Optimization 



Mean Class Visibility 

 We need a representative measure of each class 

• The mean class visibility of each class is computed by the average of the data points 
that belong to its category. 



Optimization Goal 

 To virtually equalize the mean class visibility of all the classes. 

• This makes almost invisible classes pop out of the surround, while keeping visually 
dominant classes visible. 

 



Cost Functional 

 

 

 

 

 

 M: number of classes 

 Vm: mean class visibility of class m 

 X: color vector 

 T: Target visibility 

• The constant value for visibility equalization 

• can be the average or maximum of mean class visibilities 

 



Constraints 

 Bounding constraints: B(X) 

• Colors should reside inside the valid range in terms of RGB and CIE Lab 

 

 Color discrimination constraints: R(X) 

• Colors should maintain sufficient perceptual distances. 

• We take 3-7 JNDs in CIE Lab space (2.3) 



Optimization 

 The final resulting cost functional with the constraints to optimize is: 

 

 

 

 

 We use conjugate gradient for local optimization. 

• This can be improved using global optimization, but the current results seem to be 
satisfactory. 

• Optimization performance (with Direct3D): typically < 0.5 s 



Optimization Example 

 

 

V[0]= 1.7   3.0 (T= 2.9) 

V[1]= 3.6   2.8 (T= 2.9) 

V[2]= 3.1   2.8 (T= 2.9) 

V[3]= 2.9   2.9 (T= 2.9) 

V[4]= 0.9   2.8 (T= 2.9) 

V[5]= 4.0   3.2 (T= 2.9) 

V[6]= 1.7   3.0 (T= 2.9) 

V[7]= 3.5   2.9 (T= 2.9) 

V[8]= 5.0   2.8 (T= 2.9) 



Results 



More on Target Visibility:  T
mean 

vs. T
max 

 Our optimization attempts to equalize all the mean class visibilities to 
a single target constant T. 

 

 Tmean: Average of mean class visibilities 

• Strong classes are weakened, while weak classes are improved. 

 

 Tmax: Maximum among all the mean class visibilities 

• All the classes are strengthened. 



Mixture of Small and Large Classes (T
mean

) 

 

US Land Use 



Mixture of Small and Large Classes (T
max

) 

 

US Land Use 



Mixture of Medium-Size and Large Classes (T
mean

) 

 

Permafrost 



Mixture of Medium-Size and Large Classes (T
max

) 

 

Permafrost 



User Study 



Experiments:  

 User preference 

• 12 subjects: within-subject design 

 

 

 

 

 

 Visual search performance 

• Objective Measurement of accuracy and task completion time 



Most Preferred Examples 

 



Least Preferred Examples 

 



Conclusion and Limitations 



Conclusion 

 

• Class visibility as a measure of perceptual intensity in 

categorical data visualization 

 

• An automated color optimization algorithm to make 

categorical distinction clearly visible 



Limitations 

 No simple rule to choose target visibility: Tmean, Tmax, or others. 

• A potential solution: utilization of image characteristics (e.g., variance) 

 

 No explicit consideration on the contrast sensitivity function 

 

 During the optimization, hue value was fixed. 

• The change of hue will be useful for large-scale discrimination 

 

 Use of CIE Lab distance 

• CIEDE2000 would be better, but hard to employ as a differentiable function. 

 

 

 

 

 



Thank you for attention. 

Questions? 


