


of all the images, and p(face∩color) denotes the color 

probability distribution of all facial images. If we use 

the facial color likelihood, some exceptional face 

colors will have relatively low likelihoods, because 

these colors occur sparsely in the sample space. This 

phenomenon makes it difficult to determine an 

appropriate threshold for acceptance of rare facial 

colors. For this reason, we propose a facial color 

membership function M(color) that has a high 

membership value to include rare facial colors: 

 

𝑀 𝑐𝑜𝑙𝑜𝑟 =
max 𝐼𝑖∈𝑓𝑎𝑐𝑒

 𝑝𝑖  𝑐𝑜𝑙𝑜𝑟   

𝑝 𝑐𝑜𝑙𝑜𝑟  
            (2) 

 

In Eq. (2), pi (color) refers to the color probability 

distribution of an image Ii. By merging the color 

probability distributions of facial images through max 

operation, rare facial colors in sample space can have 

high likelihoods. To obtain M(color), all facial or non-

facial images are represented in the Hue-Saturation-

Value (HSV) color coordinate and a histogram over 

hue, and saturation is calculated to obtain p(color) and 

pi(color). M(color) is stored in a look-up table indexed 

by hue and saturation, and is convolved with a 2D 

Gaussian function for generalization. Using M(color), 

the facial color membership value of each pixel can be 

obtained. 

 

2.2. Facial color integral image 
 

A facial color filter image If(x,y) is obtained by 

thresholding the facial color membership value with 𝜃: 

 

𝐼𝑓 𝑥, 𝑦 =   
1      𝑖𝑓 𝑀 ℎ 𝑥, 𝑦 , 𝑠 𝑥, 𝑦  ≥  𝜃

0      𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒                               
      (3) 

 

In Eq. (3), h(x,y) and s(x,y) refer to the hue and 

saturation of pixel (x, y) of a given image, respectively. 

If(x,y) is a binary image whose pixel value is 1 when its 

color belongs to a facial color. For computational 

efficiency, the integral image Iif(x,y) of If(x,y) is 

obtained as follows (4): 

 

𝐼𝑖𝑓  𝑥, 𝑦 =   𝐼𝑓(𝑥′ , 𝑦′ )𝑥′ ≤𝑥,𝑦 ′ ≤𝑦               (4) 

 

Using Iif(x,y), the density of a sub-window is 

calculated with a relatively light computation load. 

When the range of a sub-window is (xtl, ytl)~ (xtr, ytr), 

the density is calculated as follows (5): 

 

𝑑𝑒𝑛𝑠𝑖𝑡𝑦 𝑤𝑖𝑛 = 
𝐼𝑖𝑓  𝑥𝑏𝑟 ,𝑦𝑏𝑟  −𝐼𝑖𝑓  𝑥𝑏𝑟 ,𝑦𝑡𝑙−1 −𝐼𝑖𝑓  𝑥𝑡𝑙 −1,𝑦𝑏𝑟  +𝐼𝑖𝑓 (𝑥𝑏𝑟 ,𝑦𝑡𝑙−1)

 𝑥𝑏𝑟 −𝑥𝑡𝑙 +1 (𝑦𝑏𝑟 −𝑦𝑡𝑙+1)
     (5) 

In Eq. (5), win refer to the range of the sub-

window {xtl, ytl, xbr, ybr}. Using density, we propose 

two methods to enhance the conventional face detector. 

 

3. Face Detection using Facial Color 
 

In this section, we describe the proposed method to 

improve the conventional face detector using facial 

color density. First, the sub-windows scanning skim is 

detailed, followed by a description of the face/non-face 

classifier. Both elements use facial color density 

information as an estimation measure. 
 

3.1. Sub-window scanning using facial color 
 

The conventional face detector scans the target 

image linearly. However, linear scanning is a time-

consuming process due to the large search space 

involved. The proposed detector can scan an image 

sparsely based on facial color density. The proposed 

method determines the horizontal scan interval based 

on density(win) as follows (6): 

 

𝑠𝑖ℎ =  
𝛿                                                𝑑𝑒𝑛𝑠𝑖𝑡𝑦 𝑤𝑖𝑛 = 1

𝜔 1 − 𝑑𝑒𝑛𝑠𝑖𝑡𝑦 𝑤𝑖𝑛 /∅     𝑑𝑒𝑛𝑠𝑖𝑡𝑦 𝑤𝑖𝑛 < 1
     (6) 

 

In Eq. (5) sih is the horizontal scan interval, 𝛿 is the 

minimum scan interval, 𝜔  is the width of the sub-

window, and ∅ is the minimum facial color density, 

which is determined to be 0.55 by experiment. By 

changing the scan interval, the detector skips sub-

windows that have no possibility to be faces. A similar 

method can be applied to the vertical direction as 

follows (8): 

 

𝑑𝑒𝑛𝑠𝑖𝑡𝑦𝑚𝑖𝑛 = 𝑚𝑖𝑛𝑤𝑖𝑛 ∈𝐴(1 − 𝑑𝑒𝑛𝑠𝑖𝑡𝑦 𝑤𝑖𝑛 /∅)   (7) 

𝑠𝑖𝑣 =  
𝛿                                𝑑𝑒𝑛𝑠𝑖𝑡𝑦𝑚𝑖𝑛 = 1
ℎ ∙ 𝑑𝑒𝑛𝑠𝑖𝑡𝑦𝑚𝑖𝑛        𝑑𝑒𝑛𝑠𝑖𝑡𝑦𝑚𝑖𝑛 < 1

             (8) 

 

 In Eq. (7) A denotes a set of sub-windows that are 

in the same row and densitymin refers to minimum 

density among sub-windows in the same row. In Eq. (8) 

siv is the vertical scan interval and h refers to the height 

of the sub-window. Figure 1 illustrates how the 

proposed detector scans the sub-window. In Figure 1, 

the lined box indicates the current sub-window and the 

dotted box is the next sub-window. (a) shows that a 

non-candidate sub-window is skipped according to the 

si value. (b) shows the worst case, when the density of 

sub-windows is 1. In this case, the detector scans the 

next sub-window, which is placed nearby the current 

window. (c) shows the case of  the vertical direction, 



where the si value is determined by the maximum 

density of sub-windows in the same row.  

 

(a) (b) 

(c) 
Figure 1. Subwindow scanning method. 

 

3.2. Facial color classifier 
 

The proposed model adopts a face/non-face 

classifier using facial color for the initial stage of the 

AdaBoost face detector, as shown in Figure 2. From 

the facial color integral image, which is obtained from 

the facial color filtered image, the facial color classifier 

uses the facial color density. If the density is below the 

minimum required density ∅, then the classifier rejects 

the sub-window.  

 

  
Figure 2. Facial color classifer at initial stage 

 

The developed classifier can determine whether the 

sub-window contains a face or not with less 

computation than the first stage of the AdaBoost face 

detection. It accesses only 4 points of the integral 

image, whereas the weak classifier of the AdaBoost 

face detector accesses at least 8 points.  

 

4. Experiment 
 

To obtain M(color), we gathered the color facial 

images of 416 persons from the Internet and the 

XM2VTS DB [5] as well as 30 million sub images 

from 9000 non-facial images. Using the same learning 

set, we compare the facial color membership function 

with facial color likelihood in Figure 3. In Figure 3, the 

X axis is the saturation value and the Y axis is the hue 

value. The left graph is for the facial color likelihood 

and the right graph is for the facial color membership 

function. The facial color membership function reflects 

a greater variety of colors than does the facial color 

likelihood model. 

   
Figure 3. p(face|color) vs M(color). 

 

To obtain the optimal values of 𝜃 and ∅, we set ∅ in 

a range of [0.5, 1], quantized by 0.05, and obtained 𝜃 

with an acceptance rate of 0.999. To demonstrate the 

advantages of the proposed facial color membership 

function, we also obtained 𝜃  and ∅  using (1). We 

observed that the proposed facial color membership 

function achieved a lower false alarm rate than (1), as 

shown in Figure 4. We select ∅ as 0.55, which yields 

the lowest false alarm rate. 

 

 

Figure 4. False alarm rate according to Φ  

 

To evaluate the proposed model, we performed a 

face detection test using 70 images, which include only 

upright faces in the UCD color face image DB [6] and 

the KAIST color face image DB. The KAIST DB 

consists of 80 color images, each of which contains 

one or more faces. These images were collected from 

snapshots or television. We applied the proposed 

method to a face detector supported by OpenCV [7]. 

To detect both frontal and profile faces, we combined 1 

frontal classifier and 2 profile classifiers sequentially. 

We conducted the experiment on a Pentium 4 2.4Ghz 

PC. We compared the proposed method with the 

conventional AdaBoost face detector in terms of 

detection ratio, false alarms, and computation time. 

Sample results are shown in Figure 5. The images in 

the left column show the results of UCD DB, while the 

images in the right column are the results of the 

KAIST DB. The uppermost images show the results of 

the conventional AdaBoost. The middle images show 

facial color filtered image. The lowermost images 

show the results of the proposed model. It can be seen 

that some false alarms were eliminated. Overall results 

are shown in Table 1. In Table 1, Time denotes the 

average processing time of detection, and Size is the 

average image size.  



 
Figure 5. Sample result : UCD and KAIST DB. 

 
Compared proposed detector with the conventional 

detector, the number of false alarms is considerably 

reduced and the computational time is reduced to 75% 

and 54% for the UCD DB and the KAIST DB 

respectively. While the detection rate of the proposed 

face detector is the same as that of the conventional 

detector. Thus, it is evident that facial color density 

influences computational cost and the false alarm rate.  

To evaluate proposed facial color model, we adapt 

Peer’s skin color model [8] instead of Eq. (3). Peer’s 

skin color model defines explicitly the boundaries skin 

cluster in RGB color space. Then we perform a same 

test. As shown in table 1, proposed facial color model 

has slight advantages compared with Peer’s model. 

 

Table 1. Overall results for UCD and KAIST DB. 

 
Conventional 

AdaBoost 

Using Peer’s 

color model 

Proposed  

face detector 

UCD DB 
70 images, 249 faces 

Size : 343x343 

All complexions 

DR 79.84% 79.44% 79.84% 

FA 102 84 83 

Time 629.69ms 476.34ms 469.46ms 

KAIST DB 
80 images, 273 faces 

Size : 380x380 

Caucasian, Asian 

DR 95.24% 94.14% 95.24% 

FA 170 100 87 

Time 733.33ms 442.23ms 396.40ms 

 

In the on-line face detection experiment, we used 

320 x 240 image sequences from a USB camera. As 

given in Table 2, the proposed face detector processed 

the images at a rate of approximately 9 frame/sec. This 

is 2.4 times better than that of the conventional one. 

 
Table 2. On-line face detection. 

Conventional AdaBoost face detector 3.8 frame/sec 

Proposed face detector  9  frame/sec 

5. Conclusion 
 

In this paper, we proposed a color filtering-based 

face detection model with efficient sub-window 

scanning. The proposed model scans the image space 

efficiently based on facial color density. A facial color 

filtered image is obtained by facial color membership 

function, which provides a lower false alarm rate than 

the facial color likelihood. The integral image of a 

filtered image is used to calculate the density of sub-

window with low computational cost. From this 

density, next position of the face candidate sub-

window can be estimated. Therefore, sub-windows that 

do not contain possible faces are skipped efficiently. A 

face/non-face classifier using facial color is adopted as 

the first stage of the AdaBoost detector. Using density, 

the facial color classifier can reject non-face in the 

initial stage of the cascade classifier. Compared with a 

conventional Adaboost detector, the proposed scheme 

results in lower overall computational cost and fewer 

false alarms, while providing a detection ratio that is 

on par with that of the conventional detector. The 

proposed model will be useful for real-time systems.  
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