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This paper presents a novel approach to face detection 
by localizing faces as the goal-specific saliencies in a scene, 
using the framework of selective visual attention of a 
human with a particular goal in mind. The proposed 
approach aims at achieving human-like robustness as well 
as efficiency in face detection under large scene variations. 
The key is to establish how the specific knowledge relevant 
to the goal interacts with the bottom-up process of 
external visual stimuli for saliency detection. We propose a 
direct incorporation of the goal-related knowledge into the 
specification and/or modification of the internal process of 
a general bottom-up saliency detection framework. More 
specifically, prior knowledge of the human face, such as its 
size, skin color, and shape, is directly set to the window size 
and color signature for computing the center of difference, 
as well as to modify the importance weight, as a means of 
transforming into a goal-specific saliency detection. The 
experimental evaluation shows that the proposed method 
reaches a detection rate of 93.4% with a false positive rate 
of 7.1%, indicating the robustness against a wide variation 
of scale and rotation. 
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I. Introduction 

Vision systems that have the task of operating in real-world 
environments must tackle challenges that arise from the 
specific conditions and the uncertainties found in the visual 
information of the captured images [1]. In particular, when 
searching for an object in real-world scenes, selective attention 
is necessary to focus on the information that is relevant to a 
current task and to efficiently process the appropriate data 
sources. Attention is the process of selecting and gating visual 
information based not only on the saliency found in the image 
itself (bottom-up) but also in prior knowledge about scenes, 
objects, and their interrelations (top-down) [2]. Bottom-up 
attention directs the gaze to salient regions obtained from 
features based on the basic information of an input image, such 
as intensity, color, and orientation. Top-down attention 
determines the salient locations through perceptive processing, 
such as understanding and recognition.  

Several computational models have been proposed to 
simulate a human’s visual attention using a bottom-up 
computational framework [3]-[8]. Itti and others [3] proposed a 
bottom-up model and built a system called Neuromorphic 
Vision C++ Toolkit. After that, Walther [6] extended this model 
to address proto-object regions and created the Saliency 
Toolbox (STB). He also applied this model to accomplish 
object recognition tasks [7]. However, the high computational 
cost and the limited choice of parameters were weaknesses 
found in these models. Gao and others [9] presented a 
discriminant saliency detection model which requires a 
discriminant saliency selection process at the training stage. 
The saliency map can then be computed by the selected 
features at the testing stage. In current machine attention 
methods, bottom-up selection plays an important role in 
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providing early cues in a multistage competitive attention 
processing scheme [10]. For object detection, the bottom-up 
selective attention method is often used as a preprocessing step 
to reduce the demand on the image processing capacity, that is, 
the detection of salient regions and a restriction of the search 
region to only the necessary fractions of the input image.  

Most traditional object detection models use a sliding 
window across the image and apply a binary classifier at each 
window to detect the desired target object [11]. While this 
approach has been successfully applied to the detection of rigid 
objects, such as faces, cars, and pedestrians [11]-[15], it is slow 
and computationally expensive since each classifier is run 
independently at every window within the image. To overcome 
this speed bottleneck, object detection models use an attention 
operator to rapidly select a few points of interest in the image. 
However, most such models use either a purely top-down or 
bottom-up approach.  

There have been few attempts to integrate both the top-down 
and bottom-up attention [8], [16]-[19]. Navalpakkam and Itti 
[16] enhance the bottom-up salience model to yield a simple 
yet powerful architecture to learn the target objects from the 
training images containing targets in diverse and complex 
backgrounds. Ramström and Christensen [17] calculate the 
feature and background statistics to be used in a game theoretic 
winner-takes-all (WTA) framework for the detection of objects. 
Choi and others [18] suggest the learning of the desired 
modulations of the saliency map for a top-down tuning of 
attention with the aid of an ART network. Frintrop proposed 
the VOCUS model [8], which consists of bottom-up and top-
down maps. The bottom-up part is based on Itti’s model, while 
the top-down part uses previously learned weights to enable the 
search for targets. The weighted features contribute to a top-
down saliency map, highlighting the regions with the target 
relevant features. The total saliency map is a linear-
combination of the two maps using a fixed user-provided 
weight. Such integration models are useful for object detection 
in many applications, such as human computer interaction, 
human robot interaction (HRI), robot navigation, visual 
surveillance, and any realistic visual search. Notably, face 
detection is a crucial task in HRI, which is necessary for natural 
interactions between a human and a robot. Lee and others [19] 
showed that the interactive spiking neural network (ISNN) can 
be used to bias the bottom-up processing for face detection. 
They use skin color, facial features, and an ellipse-like shape 
for determining a bottom-up map that is correlated with the 
cued features. The network can then manipulate the amount of 
bottom-up and top-down influences on a search task needed to 
investigate the dynamic and modulatory aspects of the 
selective attention. Ban and others [20] suggested a face 
detection model that integrates a bottom-up mechanism for 

extracting features and a top-down perceptual mechanism for 
perceiving facial features, such as the face form and color. 
They construct a face conspicuity map by binding the bottom-
up process and the top-down process consisting of the face 
form and color feature maps. The main focus of visual 
attention is on how to integrate the bottom-up and top-down 
information in order to obtain an efficient decision on where to 
focus the attention within the input image [1]. In previous 
models [19], [20], a single face saliency map was constructed 
by integrating the bottom-up and top-down maps generated 
using the features extracted from the original image. For 
drawing a rapid focus of attention on a target, an integration 
mechanism needs to direct the bottom-up process to a specific 
saliency detection process through the top-down feedback 
using the knowledge relevant to the target.  

In this paper, a novel approach to goal-specific visual 
attention, such as detecting the target object as saliency, is 
presented. The approach is based on transforming a general 
purpose of bottom-up saliency detection process into a specific 
optimal saliency detection process for finding the target object. 
The transformation to a goal-specific saliency detection process 
is done by incorporating the knowledge on the goal or the 
target object directly into the specification and/or modification 
of the bottom-up process. The bottom-up process is configured 
to be general yet flexible enough to accommodate such 
modification and/or specification. Specifically, it can be 
constructed by revising a conventional bottom-up saliency 
detection process as in [3], [8], or the combination of both, in 
such a way as to be able to carry out the knowledge-based 
direct modification and/or specification.  

Some instances of the knowledge-based direct modification 
and/or specification of a bottom-up process follow. i) The 
known color signature of the target object can be fed to the 
bottom-up color saliency detection process to set the reference 
for computing the center-surround difference. ii) The known 
shape of the target object can also set the references for 
computing the center-surround difference for the respective 
bottom-up shape saliency detection processes. iii) They can 
help determine the weights to be assigned to the saliencies 
generated by other features at each layer of the Gaussian 
pyramid in such a way as to signify the particular shape known 
for the target object. iv) The known size of the target object, 
together with the 3D depth information available, can 
determine the size of the reference window to be used for the 
computation of the center-surround difference as well as the 
weights to be assigned to the saliencies detected at each layer 
of the Gaussian pyramid. The proposed approach differs from 
the conventional approaches to the integration of the bottom-up 
and top-down saliency detection [8], [19], [20] in that it uses 
the knowledge relevant to the target to directly encode the 
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bottom-up framework of saliency extraction, instead of either 
by training the summation weights based on the performance 
of the target object classification [8] or by generating the top-
down saliency map through evaluating of the saliencies defined 
by the bottom-up map [19], [20]. The proposed model uses 3D 
depth information as well as the 2D information, such as size, 
shape, and skin color distribution, as the knowledge related to 
the face for rebuilding a general structure of the bottom-up 
process into the human face saliency detection process. Our 
model successfully detected the face regions against scale and 
rotation variations by providing guidance to likely face 
locations through the multiplicative top-down weights on the 
bottom-up feature maps.  

The rest of this paper is organized as follows. In section II, 
the structure of our model is briefly introduced, and then the 
bottom-up module for constructing the feature maps based on 
skin color in detail is discussed. This is then followed by a 
description of the top-down processing method used to obtain 
the task-relevant knowledge. Section III presents the 
experimental results and performance evaluations. Finally, we 
draw some brief conclusions in section IV.  

II. Goal-Specific Visual Attention Model  

The proposed goal-specific visual attention model integrates 
both the bottom-up and top-down influences in order to guide 
the attention by the knowledge related to the face during a face 
finding visual search. Figure 1 illustrates the schematic 
diagram of the proposed goal-specific visual attention model 
for face detection. As shown in Fig. 1, the proposed model 
consists of a bottom-up module and top-down module, and the 
face saliency is determined by integrating the bottom-up 
saliency and top-down knowledge.  

The proposed bottom-up module adopts the bottom-up part 
of the VOCUS proposed by Frintrop [8]. In the saliency-based 
bottom-up module, we use the skin color feature for extracting 
a face-like area and a center-surround Haar-like feature to 
compute the center-surround difference. Finally, we construct 
three feature maps by summing up the two scale maps found 
within each scale. The feature maps are based on the scale 
invariant saliency, which makes it possible to detect the salient 
regions at an image scale matching the face size.  

The top-down module can help drive the bottom-up 
processing to its goal of face detection by providing feedback 
to the processing stages of the bottom-up module, as shown in 
Fig. 1. In order to draw attention to the regions with face 
characteristics, the proposed top-down module generates 
knowledge relevant to the face, such as depth, face size 
corresponding to distance, face shape, and skin color 
distribution, as prior knowledge built into the human mind. We  

 

Fig. 1. Architecture of proposed visual attention model. 
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describe the details of each module in the following 
subsections. 

1. Bottom-Up Module  

A. Skin Color Pyramid 

For feature computation in our bottom-up saliency-based 
module, we only use a skin color feature instead of the 
luminance, orientation, and color features used in VOCUS 
since the skin color feature easily enables the candidate face 
areas to be located in color images.  

First, we convert the color input image into the YCbCr 
image. The YCbCr color space is usually employed for video 
storage and coding and can provide an effective analysis for 
human skin color [21]. From the YCbCr image, a Gaussian 
image pyramid is computed by applying a 3×3 Gaussian filter 
to the image. Then, the image is subsampled. This results in an 
image that is half the width and height of the original one. This 
process is repeated four times, resulting in an image pyramid 
with five different scales, s0 to s4. Finally, from the Gaussian 
image pyramid, we generate a skin color pyramid P by  
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where Ps(x, y) is the pixel value in the skin color pyramid at  
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Fig. 2. Skin color pyramid with five different scales 0 to 4: (a)
input image and (b) skin color pyramid P0 to P4. 

(a) (b) 

 
 
scale s; Cr(x, y) and Cb(x, y) are the Cr and Cb values at pixel 
(x, y), respectively; and μ  and σ denote the mean and the 
standard deviation of the skin color distribution for the Cr and 
Cb component, respectively. We employ μCr = 150, σCr = 15, 
μCb = 105, and σCb = 25, which are determined by the 
histogram analysis of the skin color distribution computed in 
the top-down module. Figure 2 shows the results of the skin 
color pyramid with five different scales, 0 to 4. The following 
computations are all performed on scales 2 to 4. This makes the 
model robust to noise since no noise pixels occur in the 
smoothed images [8]. 

B. Scale Maps 

We create the skin color scale maps by calculating the center-
surround differences in the three skin color pyramid images 
that represent scales 2, 3, and 4. To compute the center-
surround operation in our model, we modify the structure of 
the center-surround differences used in VOCUS. VOCUS 
represents the center c with one pixel within each scale and 
determines the surround by computing the average of the 
surrounding pixels for the two different surround sizes with a 
radius σ of 3 or 7 pixels, respectively. Finally, the center-
surround operation calculates the difference between the center 
value and the surround value. Unlike VOCUS, we define the 
center c as a rectangular region, not as a pixel, for computing 
the center-surround differences. Using a rectangular region as 
the center, it is possible to roughly detect not only the region 
with a similar skin color but also the region which is well fitted 
to the face size. For the rectangular region, we use the center-
surround Haar-like feature as shown in Fig. 3. The center-
surround Haar-like feature is one of the Haar-like features 
proposed by Viola and Jones [14] for face detection. 
 

 

Fig. 3. Center-surround Haar-like feature used for computing
center-surround difference.  

 

Fig. 4. Skin color scale maps of scale 2: (a) input image, 
(b) scale map by center-surround Haar-like feature with 
(σc , σs) = (3, 7), and (c) scale map by center-surround 
Haar-like feature with (σc , σs) = (7, 10). 

(a) (b) (c) 

 
 

The center-surround Haar-like feature can be represented as 
a black and a white rectangle. Its output is the difference 
between the sums of the pixel values within the two 
rectangular regions. However, we compute the difference 
between the averages of the pixel values within two regions 
(the center region and surround region) using the center-
surround Haar-like feature as the reference window as follows: 
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where s represents the image scale with s∈{2, 3, 4}; and σc and 
σs denote the radii of the center region and the surround region, 
respectively. In our model, we use two different sizes of the 
center-surround feature with (σc , σs) = (3, 7) and (σc , σs) =   
(7, 10), respectively. Both center region sizes are determined by 
information of the size of the face taken from the face size map 
constructed in the top-down module. , , ( , )

c ss σ σScaleMap x  y  
denotes the computation of the center-surround difference of 
pixel (x, y) with (σc , σs) in the scale s image. Using (2) through 
(4), we obtain six scale maps. Figure 4 illustrates the two skin-
color scale maps generated using the two different sizes of the 
center-surround feature in the skin color pyramid of scale 2. 

C. Feature Maps  

After computing the scale maps, we construct three feature 
maps using intra-scale addition. In VOCUS, the feature map is 
generated by across-scale addition in which all the scale maps 
are resized to a larger scale and then added up pixel by pixel. In 
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Fig. 5. Skin color feature maps generated by intra-addition within
each scale: (a) input image, (b) feature map of scale 2,
(c) feature map of scale 3, and (d) feature map of scale 4.

(a) (b) (c) (d)

 
 
our model, we construct three feature maps using intra-scale 
addition instead of the across-scale addition used in [8]. In 
other words, we sum up pixel by pixel the two scale maps from 
each scale. As a result, this yields three different scales of the 
skin color feature maps.  

The feature map is based on scale invariance, which enables 
the features to stand out at an image scale matched to their sizes. 
For instance, large features will be highlighted at the coarse 
scale. Also, small features will be highlighted at the fine scale 
[25]. In addition, by intra-scale addition, we can construct 
feature maps with various resolutions, just like the human 
vision system. The different scales of the three feature maps 
can reflect the results from various view distances occurring 
between the object and camera. If a human face is at a long 
distance from the camera, the size of the face region is proper 
using the coarser resolution. The different scales of the feature 
maps are used for discriminating the face area matching the 
size of the face that corresponds to the distance from the 
candidate face area for the weighting processing. Figure 5 
shows the three feature maps generated by adding up the two 
scale maps from within each scale. 

2. Top-Down Module  

A. Skin Color Model Based on Histogram Analysis 

Skin color is a very effective and strong cue for finding faces 
since the hue of skin is roughly invariant across different ethnic 
groups, and skin color distribution lies in a limited chromatic 
color space [19]. To build the skin color model, we compute 
the skin color distribution for the Y, Cr, and Cb components 
using a histogram analysis. In order to investigate skin color 
distribution, we manually segmented the faces in 600 test 
images containing the human face and then performed the 
histogram analysis for the statistical information of the 
chrominance and the luminance. The histogram results for 
chrominance Cr and Cb components are distinctly formed into 
a Gaussian-similar distribution rather than into a uniform 
distribution. The empirical ranges of the Cb and Cr 
components for the skin color are typically Cbskin = (77, 127) 
and Crskin = (133, 173) [21]. In our model, we use Cbskin = [80, 

130], Crskin = [135, 165], and Yskin = [60, 120], derived from our 
histogram results. The values of the chrominance for facial skin 
color are narrowly distributed indeed, while the luminance 
values are not at all narrowly distributed in the face area. 
Different density values can be found distinctly at the interval 
(0, 255) [26]. Nevertheless, we use the luminance component Y 
of the skin color since it is useful to discriminate between the 
skin regions and the non-skin regions with the chrominance 
range used for skin color.  

The histogram results of the skin color chrominance for the 
Cr and Cb components and the luminance for the Y component 
are used for constructing the skin color pyramid in the bottom-
up module and for weighting the salient regions in the face 
feature maps, respectively.  

B. Face Shape Model Based on Aspect Ratio and Ellipse 
Similarity 

Whereas skin color is an effective feature for face detection, 
it also detects other body parts, for example, naked hands and 
legs, as well as skin-color noise. Thus, two face features, the 
aspect ratio and the ellipse similarity, are introduced to 
discriminate face region from skin color regions.  

Aspect ratio. The aspect ratio between the width of the face 
and the height of the face is a unique face cue that discriminates 
it from other body parts. The golden ratio of an ideal face,  
calculated by Govindaraju [27], is height/width =(1 5 / 2).+  
For computing the aspect ratio, we segment the face region on 
the test images and then obtain its principal directions from the 
segmented face region by applying a principal component 
analysis (PCA). We calculate the covariance matrix for the X 
and Y coordinates of the approximate region and then 
determine the major and minor directions by calculating the 
eigenvectors and the eigenvalues of the covariance matrix. As a 
result, we can compute the aspect ratio of the face from the 
ratio between the length of the minor and major axes which 
correspond to the width and the height of the face, respectively. 
For our shape model, we define 1.5 as the value of the face 
aspect ratio using empirical results.  

Ellipse similarity. The shape of the human face takes the 
form of an ellipse. In our face shape model, we apply an ellipse 
similarity method to search for a face shape. We measure the 
ellipse similarity of each segmented blob using the major and 
minor axes as follows: 

1 2

4 ,RE
l lπ
×

=
× ×

                  (5) 

where R is the number of pixels in the segmented blob; and l1 
and l2 denote the lengths of the minor and major axes, 
respectively. With respect to the resultant value of (5), if the 
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ellipse similarity value is 1, the segmented blob is considered to 
be a face region.  

C. Face Size and Depth Map Based on Depth Information 

Stereo information obtained from a stereo vision system is 
used to extract objects from the scene. In the top-down module, 
we generate a depth map by using depth information obtained 
from the stereo vision system. The depth map represents the 
existence of one or more solid objects at a particular depth. 
This depth map is applied for its depth information of a skin 
color segmented region in the bottom-up module.  

In addition to the depth map, we produce a face size map by 
estimating the face size corresponding to the distance for 
identifying the face area. The face size map is used to consider 
whether the size of each region extracted from the skin color is 
the proper size that corresponds to its distance. In other words, 
if the size of an extracted region is a reasonable size for a face 
region corresponding to the distance by referring to the face 
size map, it has high probability of being a face. This 
information is very helpful in discriminating between a face 
region and a non-face region. To construct a face size map, we 
first captured images containing the human face at certain 
distances in the range of 0.5 m to 4 m at 0.5 m intervals. Next, 
from the obtained test images, we measured the approximate 
size of the face in three different resolutions, 160×120, 80×60, 
and 40×30, which are then applied for the three different scales 
of the skin color feature maps. The face size corresponding to 
all the spatial distances is calculated by applying a polynomial 
fitting to the empirical results. Finally, we construct a face size 
map corresponding to the distance for the three different 
resolutions. The face size map performs a role as the reference 
map representing the face size corresponding to the depth 
obtained from the stereo camera. Thus, the face size map 
makes it possible to discriminate between a face and a non-face 
region by providing information for the reasonable size of a 
face region.  

3. Integrating Bottom-Up Saliency and Top-Down Knowledge  

In our model, the top-down knowledge obtained from 
multiple cues, such as depth, size, shape, and luminance, and 
the bottom-up saliency obtained from the skin color feature are 
integrated through a weighting processing stage, which 
produces a single face saliency map. By integrating the 
bottom-up and top-down knowledge, each candidate region 
within the three feature maps is weighted using the weighting 
functions based on the top-down information, and then the 
weighted feature maps are summed up by across-scale addition 
as follows: 

size shape intensity

( ),

( ) ,

{0, 1, , },

s
s

i i i i i i
s s s si

SM W F

W F W F W F W F

i k
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∈

⊕

∑
K

  (6) 

where s represents the scale with s∈{2, 3, 4}; ⊕ denotes the 
across-scale addition; i is a candidate region segmented using 
the connected component analysis at each feature map; and 
W(Fs) denotes the weighted feature map for each scale s. For 
computing the face probability of each candidate region, region 
i is weighted using the three weighting functions as follows:  
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where isize, iratio, iellipse, and iluminance denote the size, aspect ratio, 
ellipse similarity, and average of the luminance value of the 
candidate region i, respectively, and (μsize, σsize), (μratio, σratio), 
(μellipse, σellipse), and (μluminance, σluminance) are the mean and 
standard deviation of the face size according to the depth, 
aspect ratio, ellipse similarity, and luminance, respectively. The 
estimates of the mean and standard deviation are defined from 
the size map, shape model, and skin color model built in the 
top-down module. According to (7) through (9), each candidate 
region outputs a probability value of the face. That is, the 
proposed model filters out every candidate blob within all the 
feature maps using the weighting functions. The three feature 
maps weighted by combining bottom-up with top-down 
modules are summed up to a single face saliency map. In a 
face saliency map, the face regions are represented by the more 
salient areas than the non-face regions since they have higher 
face probability.  

To detect the face regions in the face saliency map, we first 
create a binary image used for finding the salient areas above a 
certain threshold, and then perform a connected component 
analysis. We determined that 30% of the maximum value is 
proper for the saliency threshold value. The optimal threshold 
value was determined through a tradeoff between the detection 
ratio and the false positive ratio using the empirical analysis. 
We show the empirical analysis results for determining the 
threshold in section III. To visualize the face region detected, 
we use a rectangle determined by the width and height of the 
salient area. 
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III. Experimental Results  

For our experiments, we applied our method to 471 images 
obtained from a stereo vision camera which captures 15 frames 
per second with a 640×480 resolution. The test images contain 
single and multiple faces with variations in scale, orientation, 
and pose from diverse indoor environments. All our 
evaluations were performed on an Intel Pentium Core 2 PC 
with a 2.53 GHz CPU and 2 GB of main memory.  

To evaluate the performance of the proposed method, we 
have tested three main experiments: (i) the detection of faces 
under different conditions, (ii) a comparison to the Viola and 
Jones face detector, which is a commonly used technique for 
face detection, and (iii) a comparison with the VOCUS and 
STB models, which are visual attention models based on 
different visual features. Figure 6 shows the results of face 
detection for distances in the range of 0.5 m to 4 m.    
Figures 6(a) and (b) depict the face saliency map using the 
proposed model and the detected face using face saliency map, 
respectively. Figure 7 demonstrates that the proposed model 
can detect frontal and non-frontal single faces under different 
poses and backgrounds. As shown in Fig. 7, our model can 
successfully detect a non-frontal face with rotation variations 
(pan rotation) in the range of –90º to 90º as well as the frontal 
face located in cluttered background. 

Figure 8 illustrates that our model detected multiple faces 
under different poses and distances. Each face has different  
 

 

Fig. 6. Face detection results for different distances: (a) face
saliency map using proposed model and (b) detected face
from (a). 

(a) (b) 

 

 

Fig. 7. Face detection results for single face under different poses 
and backgrounds: (a) face saliency map using proposed 
model and (b) detected face from (a). 

(a) (b) 

 
 
face views and also different scales due to their position to the 
camera. Figure 8 shows the detection of highly rotated faces in 
pan (first row), roll (second row), and tilt (third row) rotations 
at different positions from the camera. From these results, we 
can see that our model is able to correctly detect face regions 
regardless of scale and rotation variations because our method 
considers not only the face size according to the distance from 
the camera for scale invariance but also the luminance 
distribution of the face region and the shape, such as in the 
aspect ratio and ellipse similarity using the PCA for rotation 
invariance. 

In Fig. 9, we compared the proposed model with the Viola 
and Jones face detector, which is provided by the OpenCV 
implementation [22]. We used the training data from OpenCV 
to detect the frontal [23] and profile [24] human faces. The 
Viola and Jones face detector is a fast face detection system 
based on an extended set of Haar-like features and an Ada-
Boost classifier. This system is commonly used for face 
detection due to its real time operation and accuracy. By 
comparing Figs. 9(a) and (c), we can see that our model 
produces more correct detections. In Fig. 9(a), we can see the 
results with false (second row) and missing (third row) 
detections by the Viola and Jones face detector, while our 
model accurately detects faces without false and missing 
detections. We believe that this is because our model correctly 
detects faces with scale and rotation variations by considering 
multiple cues obtained from the top-down knowledge.  
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Fig. 8. Face detection results for multiple faces under different
poses: (a) face saliency map using proposed model and
(b) detected faces from (a). 

(a) (b) 

 
 

 

Fig. 9. Comparisons of face detection: (a) face detection results
by Viola and Jones face detector, (b) face saliency maps
by proposed model, and (c) face detection results from
(b). 

(a) (b) (c) 

 

 

Fig. 10. Comparisons between saliency maps of our model and 
previous visual attention models: (a) original image and
saliency maps generated (b) by bottom-up part of 
VOCUS, (c) by STB, and (d) by proposed model. 

(a) (b) (c) (d) 

 
We also compared the saliency map between the previous 

visual attention models and the proposed model. In our 
comparisons, we used the bottom-up part of VOCUS using the 
three features of intensity, orientation, and color and STB 
(latest version available at http://www.saliencytoolbox.net) by 
adding on skin hue to the feature list. The saliency map 
comparisons of the proposed model and the previous models 
on the selected images are shown in Fig. 10. It is evident that 
the proposed model outperforms the others. In Fig. 10(d), our 
method detects the salient face regions correctly, while the 
VOCUS detects non-face regions as salient regions because it 
does not take the features relevant to the target into account as 
shown in Fig. 10(b). Similarly, in Fig. 10(c), the STB also 
produced false detection results in spite of considering skin 
color as a feature. 

In our experiments, a face is successfully detected if the local 
image of the search window contains the eye and mouth. 
Otherwise, it is a false positive. The detection rate is the ratio 
between the number of successful detections and the total 
number of faces in the test images. The false positive rate is the 
ratio between the number of false positives and the total 
number of searching windows. 

In our method, for determining an optimal threshold value 
used in the face saliency map, we analyzed 400 test images. 
Figure 11 illustrates the plotted graphs for the detection 
rate/false positive rate versus the threshold. As shown in Fig. 11, 
the detection rate and false positive rate were the lowest when 
the threshold is 0.9, whereas they were the highest when the 
threshold is 0.6. We can see both the detection rate and the false 
positive rate decrease when the threshold value increases. 
Therefore, we determined that 0.7 (corresponding to 30% of 
the maximum value in the face saliency map) would be used as 
a threshold value for providing both a high detection rate and a 
low false positive rate at the same time. 

Table 1 summarizes the detection results for seven different 
combinations of cues, which are size (size/depth), shape, and 
luminance of skin color distribution. These cues have been 
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Fig. 11. Plots of detection rate/false positive rate vs. threshold.
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Table 1. Face detection results using different combinations of cues
on 471 test images. 

Cues enabled 

Shape Luminance  Size/depth 
Detection 
rate (%) 

False positive 
rate (%) 

√   86.3 17.4 

 √  84.4 27.1 

  √ 88.9 18.3 

√ √  90.2 14.1 

√  √ 91.7 11.5 

 √ √ 91.0 14.3 

√ √ √ 93.4 7.1 

 

used as weighting constraints for determining the likelihood of 
a skin region being a face region. To evaluate the performance 
of each cue, we have tested with the various combinations of 
cues on 471 test images. In Table 1, a size cue is denoted as 
size/depth since depth information is used to compute if the 
size of skin color region is the appropriate face size according 
to the range of depth. In the case of a single cue, its false 
positive rate is high. In particular, the power of a luminance cue 
is relatively low as compared to a shape or size/depth cue even 
if the luminance is still useful for eliminating the non-skin 
regions with the chrominance range of skin color. As shown in 
Table 1, the shape or size/depth cue provides important effects 
of reducing the number of false positives. Especially, 
combining size/depth and shape (or luminance) provides a 
higher detection rate and a lower false positive rate than the 
combination of both shape and luminance because 3D 
information compensates the intrinsic weakness of a 2D cue by 
estimating the possible face size from depth information. As 
the number of cues increases, the false positive rate is 
decreased drastically (up to 20%), while preserving a high 
detection rate. In Table 1, our results indicate a detection rate of 

 

Fig. 12. Performance plots for combination of cues. 
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Fig. 13. Example of missing detections due to occlusion: (a) face 
saliency map using our model and (b) face detection 
results from (a). 

(a) (b) 

 

Table 2. Comparison results between the Viola and Jones face 
detector and proposed model on 150 frontal face images. 

Method Detection rate (%) False positives 

Viola and Jones 91.3 23 

Proposed 97.6 8 

 

93.4% and a false positive rate of 7.1% by using the multiple 
cues. For a distinct comparison, Fig. 12 illustrates the 
performance plots for the combination of cues. In Fig. 12, we 
observe that the proposed method can improve the 
performance by a combination of three cues, that is, shape + 
luminance + size/depth. 

Figure 13 shows an example of missing detections due to a 
partial occlusion and multiple faces of close proximity. As 
shown in Fig. 13(a), overlapped faces that are closely located 
result in a salient region from merging connected skin parts.  

Table 2 presents the comparison results between the 
proposed model and the Viola and Jones face detector on 150 
images including frontal faces under a wide variation of 
backgrounds. From the information point of view, the Viola 
and Jones face detector is based on 2D information obtained 
from monocular image, while our method is an integrative 
approach of 2D and 3D information which is obtained from a 
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stereo camera. The key purpose of our comparison is to show 
how much improvement the 3D information may incur for 
face detection, indicating the degree the proposed model can 
improve the detection accuracy by combining 2D and 3D 
information. In Table 2, we find that our model provides higher 
detection rates and less false positives than the Viola and Jones 
face detector. This is in part due to the fact that the proposed 
method uses real-world measurements based on stereo vision 
as well as shape and luminance cues in order to filter out non-
face regions. 

IV. Conclusion  

In this paper, we have proposed a goal-specific visual 
attention model based on knowledge-directed specification of 
bottom-up saliency for detecting human face. The proposed 
approach transforms a general purpose of bottom-up saliency 
detection process into a goal-specific saliency detection process 
for detecting the human face. For transforming to a goal-
specific saliency detection process, the top-down module 
directly encodes the bottom-up framework by using 3D depth 
information as well as 2D cues, such as size, shape, and skin 
color distribution, as the knowledge relevant to the face. 
Through the top-down influence based on knowledge-directed 
specification of bottom-up processing, our model correctly 
detects faces against scale and rotation variations since it 
considers not only the appropriate face size from depth 
information for scale invariance but also the luminance 
distribution of the skin color and shape, such as the aspect ratio 
and ellipse similarity using PCA for the rotation invariance. 
Experimental results show that our model accurately detects 
faces under various poses. Our results indicate a detection rate 
of 93.4% and a false positive rate of 7.1%. However, our 
model still has both false positives due to noisy non-face areas 
detected from illumination variations and missing detections 
due to occlusion. 

In future work, we plan to improve the skin color model to 
increase the robustness of the face detection against 
illumination variations. In addition, we will utilize the model 
for an HRI application. Therefore, the runtime (currently 0.31 s 
on a 2.53 GHz Pentium Core for 640×480 pixel images) has to 
be improved to enable real-time performance.  
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