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In this study, a visual attention region determination approach using low-level lu-

minance, color, and region features is proposed. First, the contrast map of an image is 

obtained by computing the contrast between each pixel and its “thresholding” neighbor-

ing pixels in eight directions, based on the just noticeable difference (JND) model. Then, 

the block-based edge map and standard deviation representation are used to generate the 

region mask of the image. The saliency map of the image is generated by using the con-

trast map and the region mask of the image. Finally, based on the saliency map of the 

image, a visual attention region determination scheme is proposed to determine the visu-

al attention regions in the image. Based on the experimental results obtained in this 

study, the performance of the proposed approach is better than that of three comparison 

approaches. 
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1. INTRODUCTION 
 

A meaningful and effective image representation is an important issue in various re-

search areas, such as image processing and content-based image retrieval. Effectiveness 

of image representation is determined by how well it fits to human perception and reac-

tion to external visual stimuli. Human perception tends to firstly pick visual attention re-

gions, which correspond to prominent objects in an image. When visual stimuli from the 

outside world enter our eyes continuously, the human visual system (HVS) will rebuild 

the piecemeal message as a sensible and meaningful unity. Because not all information is 

important and useful, HVS will eliminate unnecessary and unimportant message, which is 

the main function of visual attention. Visual attention analysis simulates the behavior of 

HVS by automatically producing saliency maps of the target image. It deals with detect-

ing the regions of interest (ROIs) in an image, which are attractive to viewers. ROIs mean 

portions of multimedia that audiences show more interest in or pay more attention to than 

others [1]. There are many visual attention applications, such as adaptive image display 

on small devices [2], content-based image retrieval [3], image interpolation [4], and video 

retargeting [5-6]. For example, effective information retrieval in a large image database 

involves two key issues, namely, effective representation of multimedia contents and re-

trieval accuracy [7]. For image/video compression, if ROIs within an image can be well 
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detected, ROIs can be compressed as high-quality regions using more bits, whereas other 

regions in the image can be compressed as low-quality regions using little bits. 

Two major attention mechanisms include top-down (knowledge/task-driven) and 

bottom-up (stimulus-driven) [8]. Top-down visual attention is related to cognition 

processing in the human brain [9], whereas bottom-up visual attention is driven by exter-

nal stimuli (e.g., color and intensity) and some fast perception processing of the human 

brain attracts attention to some particular location(s). In the top-down mechanism [10-11], 

perception processing of human brain will intervene between the computational model 

and external visual signals, namely, internal stimuli. Internal stimuli (knowledge), such as 

face/skin detection or pattern recognition, are crucial for what features are selected in 

external visual signals. Judd et al. [10] and Yang et al. [11] collected eye tracking data 

and used those data as training and testing examples to train a model of saliency features. 

The saliency maps from human eye fixations indicating a strong bias to the center of the 

image. The bottom-up mechanism computes particular external visual signals as features, 

which are then used to construct the saliency map. The bottom-up mechanism can reduce 

the computational complexity and extract attended regions exactly (especially in noisy 

images, decompressed images, and low-contrast images). Some researchers classify visu-

al attention into two categories, namely, space-based and object-based approaches [12]. 

The space-based theory claims that attention is allocated to a region of space with 

processing carried out only within a certain spatial window. This theory considers atten-

tion as a “spotlight” or “zoom-lens” so that some particular locations in an image will be 

processed and other locations in the image will be ignored. For the object-based theory, 

attention is directed to an object or a group of objects, i.e., to process specific properties 

of selected objects, rather than regions of space [13]. 

James [14] developed the human attention theory. Based on the filter theory of se-

lective attention proposed in Broadbent [15], a number of computational models for visu-

al attention have been developed using the feature integration theory (FIT) [16]. FIT, a 

bottom-up visual attention model, provides a general framework for understanding visual 

attention. In Broadbent [15], human attention is treated as a filter to filter out redundant 

information and the remaining information will be analyzed further. The selective visual 

attention architecture was proposed by Koch and Ullman [17], which is closely related to 

FIT. Based on the architecture proposed in [17], Itti et al. [18] proposed a visual attention 

model using intensity, color, and orientation features. The “center-surround” operation is 

implemented on multi-scaled feature images, which are obtained by using dyadic Gaus-

sian pyramids. All obtained feature maps are then combined into a saliency map, which is 

used to detect visual attention regions in an image. Lu et al. [19] introduced a visual at-

tention module used in several video quality evaluation systems. The visual attention 

module is built by combining several top-down and bottom-up features. Zhai and Shah 

[20] proposed an algorithm having a linear computational complexity with regard to the 

image size and used the color histogram of an image to create its saliency map. Here, the 

high probability part presents repeating information in the image, these pixels relatively 

unattractive to image reviewers, i.e., a small light region (the low probability part) is at-

tractive in the dark background (the high probability part). It is found that not all pixels of 

the low probability part should receive high attention values. Liu et al. [21] proposed a 

set of features, including multi-scale contrast, centersurround histogram, and color spatial 

distribution, to describe a salient object. A conditional random field is learned to combine 
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these features for salient object detection. Hou and Zhang [22] extracted the spectral re-

sidual of an image by analyzing the log-spectrum and proposed a fast algorithm to con-

struct the corresponding saliency map. Tang [23] proposed a visual measure for video 

compression by combining three visual factors, namely, a motion attention model, an 

unconstrained eye-movement velocity visual sensitivity model, and a visual masking 

model. Park and Moon [24] proposed a reference map created by integrating feature 

maps, and a combination map representing the boundaries of meaningful objects is 

created by integrating the reference map and feature maps. Unfortunately, it may extract 

many fragmental parts from confused surroundings, such as grasses and sprays. Kang et 

al. [25] identified an interesting object from a segmented image and generated the salien-

cy map based on the image composition theory. Park et al. [26] proposed a background 

elimination method to detect candidate object regions and a graph cut is employed to 

extract foregrounds from the candidate object regions. The positions and sizes of visual 

attention objects (regions) in an image are usually not well treated in existing approaches. 

The outputs of Itti et al.’s approach (a block-based approach) [18] are fixation points, 

which usually contain some texture regions and even smooth backgrounds. The outputs of 

Itti et al.’s approach using different number of fixation points will be various, whereas to 

determine the “optimal” number of fixation points for an image by Itti et al.’s approach 

will introduce another problem. On the other hand, the visual attention determination 

results of “high-quality” images by existing approaches may be good sometimes. Howev-

er, the positions and sizes of visual attention objects (regions) in an image are usually not 

well treated in existing approaches. Additionally, the visual attention determination re-

sults of “low-quality” images, such as noisy images, decompressed images with high 

compression ratios, and low-contrast images, by existing approaches are indeed not good. 

In this study, a visual attention region determination approach using low-level luminance, 

color, and region features is proposed. First, the contrast map of an image is obtained by 

computing the contrast between each pixel and its “thresholding” neighboring pixels in 

eight directions, based on the just noticeable difference (JND) model. The block-based 

edge map and standard deviation representation are used to generate the visual attention 

region mask of the image. The saliency map of the image is generated by using the con-

trast map and the visual attention region mask of the image. Finally, based on the saliency 

map of the image, a visual attention region determination scheme is proposed to deter-

mine the visual attention regions in the image. Based on the experimental results obtained 

in this study, the performance of the proposed approach is better than those of the three 

comparison approaches, namely, Itti et al.’s approach [18], Zhai and Shah’s approach 

[20], and Park and Moon’s approach [24], for various high-quality images, noisy images, 

decompressed images, and low-contrast images. 

This paper is organized as follows. In Section 2, important visual attention models 

are briefly reviewed. In Section 3, the proposed approach is addressed. Experimental 

results are described in Section 4, followed by concluding remarks. 

2. IMPORTANT VISUAL ATTENTION MODELS 

2.1 General Bottom-Up Framework for Visual Attention 
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Treisman’s theory [16] provides a general bottom-up framework for computational 

visual attention. In general, as shown in Fig. 1, a bottom-up computational visual atten-

tion model usually contains two parts: feature extraction and feature map fusion. Visual 

features (e.g., color and intensity) are extracted from the input image and the feature map 

of the image is obtained by combining extracted feature maps. 
 

  

Fig. 1. The bottom-up framework for computational visual attention. 

 

The feature integration theory (FIT) has become one important psychological model 

for human visual attention. As shown in Fig. 2, the first (preattentive) stage extracts basic 

features from the perceptual vision and the second (focused attention) stage integrates the 

extracted features to produce the perception. In the first stage of FIT, several primary 

visual features are extracted with separate feature maps created by intensity, color, lu-

minance, orientation, …, etc. Extracted feature maps are integrated in a saliency map that 

can be accessed to direct attention of most conspicuous areas. Two kinds of visual search 

tasks, namely, feature search and conjunction search, are provided. Feature search can be 

performed fast and pre-attentively for targets defined by primitive features, whereas con-

junction search is a serial search for targets defined by a conjunction of primitive features. 

Based on FIT, a number of computational models of space-based attention have been 

developed, which use different methods to integrate low-level feature maps and different 

control mechanisms of attention movements [27]. 
 

 
Fig. 2. The feature integration theory. 

 

Based on FIT and the model proposed by Koch and Ullman [17], as shown in Fig. 3, 

Itti et al. [18] proposed a bottom up visual attention model, in which the color features for 

red (R), green (G), and blue (B) channels are extracted from the input image. Four 

broadly-tuned color channels include 

,2/)( BGRr   (1) 

,2/)( BRGg   (2) 

,2/)( GRBb   (3) 

.2/||2/)( BGRGRy   (4) 

Perception 
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The intensity image I is obtained by 3/)( BGRI  . The five feature maps are used 

to create five Gaussian pyramids ,)(I  ,)(r  ,)(g  ,)(b  and ,)(y  where 

[0,...,8]   denotes the scale. The local orientation information is obtained from I using 

the Gabor filter [28]. Based on oriented Gabor pyramids ,),( O  nine feature pyramids 

are created, where   135 ,90 ,45 ,0   denotes the orientation. 

 

 
Fig. 3. Itti et al.’s bottom-up visual attention model [18]. 

 

Center-surround differences are employed to simulate the human visual model 

through the differences between fine and coarse scales. The center is a pixel at scale 

 4 3, 2, c , and the surround is the corresponding pixel at scale  cs  with 

}4,3{ . A “center” fine scale c and a “surround” coarser s are performed by the 

across-scale difference operator between two feature maps, which is realized by interpo-

lating the finer scale feature map and then performing point-by-point subtraction between 

the two feature maps. The related equations are described as 

,|)()(|),( sIcIscI   (5) 

,|))()(())()((|),( srsgcgcrscRG   (6) 

,|))()(())()((|),( sbsycycbscBY   (7) 

|),(),(|),,(  sOcOscO  . (8) 

Finally, 6 intensity, 12 color, and 24 orientation (totally 42) feature maps are computed. 

The 42 feature maps are combined into the saliency map of the image. First, the three 

kinds (intensity, color, and orientation) of pyramid feature maps must be integrated sepa-

rately into three “conspicuity maps.” To combine the three conspicuity maps, a normali-

zation operator, )(N , is employed, which globally promotes the maps having a small 

number of strong peaks of conspicuous locations, and globally suppresses the maps hav-

ing numerous comparable peak responses. 

The processing steps of the normalization operator )(N  are described as follows. 

1. Normalize the values in a feature map to a fixed range [0,…,M], where M is the 

global maximum.  

2. Find the location of the global maximum M in the map and compute the average, 
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,m  of all local maxima in the map. 

3. Globally multiply the map by 2)( mM  . 

After applying the normalization operation )(N , the 42 feature maps are combined into 

three conspicuity maps ( I , C , and O ) through across-scale addition, “ , ” which 

consists of reduction of each map to scale four and point-by-point addition. The related 

equations are described as 

,)),((
4

3

4

2
scINI

c

csc




  (9) 

,))],(()),(([
4

3

4

2
scBYNscRGNC

c

csc





 (10) 

.)),,((
}135,90,45,0{

4

3

4

2



















scONNO
c

csc

 (11) 

Then, the saliency map is obtained as the average of the three conspicuity maps, i.e., 

))()()((
3

1
ONCNINS  . 

(12) 

Fig. 4 shows the three conspicuity maps and the saliency map of an input image. The 

maximum value in the saliency map denotes the most salient image location(s) which 

attract human’s attention. 

 

 

 

   

 

 

Fig. 4. The saliency map of an input image. 

 

 

2.2 Just Noticeable Difference (JND) 

Input image 

Saliency map 

 

 

O  C  

 

 

I  
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The just noticeable difference (JND) of an image represents the ability that discri-

minates the luminance change in human visual perception, i.e., the difference between 

two energies can be perceived exactly by human visual perception. In general, the JND of 

a gray level pixel can be experimentally determined by users. Assuming that the back-

ground color of a large square area is I and the background color of a small square area at 

its center is I+ I. At the beginning,  I is set to zero. If  I increases gradually until 

human vision can discriminates I+ I from I,  I is the JND of the background image I. 

Generally, human vision is more sensitive to the gray level changes in moderate lumin-

ance rather than that in either low luminance or high luminance. Note that human being 

can’t discriminate a pixel against is surroundings if the gray level (luminance) difference 

between them is less than the JND value of the pixel. 

The existing JND models can be classified into pixel-based [29] and trans-

form-based [30]. However, the pixel-based model is computationally simpler and has 

some advantages in some applications [19]. Based on Chou and Li’s model [29], the JND 

of a pixel can be obtained as 

)},(),,(max{JND 21 bgfmgbgf  (13) 

),()(),(1 bgbgmgmgbgf    (14) 

0.115,0.001)(  bgbg  (15) 

0.01,-)(  bgbg   (16) 














127, if3,127)-(

127, if3,))
127

(-(1
)(

0.5

0

2

bgbg

bg
bg

T
bgf



 
(17) 

where bg is the average background luminance, mg is the maximum weighted average of 

luminance differences around the pixel. The parameters in Eqs. (15)-(17) were empiri-

cally determined by fitting the model with some subjective test results [29]. 

 

3. PROPOSED VISUAL ATTENTION REGION DETERMINATION 
APPROACH 

Fig. 5 shows the framework of the proposed approach [31], in which each input im-

age is first transformed into the YCbCr color space. The three color channels, Y, Cb, and 

Cr, are processed separately by visual sensitivity contrast analysis. The three processed 

channel contrast maps are combined and normalized to be a contrast map. Additionally, a 

weighted region mask representing the region information in the image is constructed. 

The weighted region mask can help the contrast map to figure out the focal points so that 

the saliency map can be obtained, followed by visual attention region detection and de-

termination. 
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Fig. 5. The framework of the proposed approach. 

 

3.1 Feature Extraction and Contrast Analysis 
 

For human visual perception, both intensity and color are important features. To ob-

tain the luminance and chrominance features separately and generate the luminance and 

chrominance saliency maps, the YCbCr color space is employed in this study, which is 

also employed in existing image/video compression standards, such as JPEG and H.264. 

Contrast in luminance and color, which measures the relative difference between the ob-

ject luminance to the background luminance [23], is employed to detect visual attention 

objects (regions). Additionally, because the human visual system is more sensitive to 

contrast than the absolute intensity, the JND model is employed in this study.  

For a pixel p(x, y) in an image, its contrast CVp can be defined as the average of 

“thresholding” pixel differences between the pixel and its “thresholding” neighboring 

pixels in eight directions, i.e., 





St

tp y'x'pyxpCV ) ,(-) ,(
8

1 , (18) 

where }) ,(-) ,(  |{ Ty'x'pyxptS t   and ), ,( y'x'pt
 t = 1, …, 8, represent the “thre-

sholding” neighboring pixels in the tth direction. If T=10, as an illustrated example shown 

in Fig. 6, the pixel p(x, y)=20 and its “thresholding” neighboring pixel in the first direction 

is ) ,(1 y'x'p =31. Note that the eight directions of pixel p are shown in Fig. 7 and the thre-

shold T in Eq. (18) represents the visual sensitivity. To determine adaptively the suitable 

threshold T for each pixel, in this study, the JND model is used and given by 

Input image 

YCbCr transform 

Contrast map 

Y Cb Cr 

Contrast analysis 

and combination 

Saliency map 

Visual attention 
region detection and 
determination 

Weighted 
region mask 

Final results 
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T
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(19) 

where 170 T  and 3/128  [29]. Based on the experimental results obtained in this 

study, instead of Eq. (17), the visual attention sensitivity threshold T determined by Eq. (19) 

will produce the better visual attention region determination results. 

 

 

 

),( yxp                     ),(1 yxp   

20 21 25 28 28 31 32 32 35 

Fig. 6. An illustrated example of pixel p(x, y) and its “thresholding” neighboring pixel ),(1 yxp   

in the first direction with T=10. 

 

 

Fig. 7. The eight directions of a pixel p. 

 

In this study, using the YCbCr color space, the three color channel contrast maps are 

constructed separately by contrast analysis and denoted as CVY, CVCb, and CVCr, respec-

tively. The contrast map CM is obtained by averging the three color channel contrast 

maps and then normalized to the range [0,255], as an illustrated example shown in Fig. 8. 
 

    
                     (a)                               (b) 

Fig. 8. Contrast map: (a) an input color image and (b) the corresponding contrast map CM. 

 

3.2 Region Mask and Saliency Map Generation 
 

Different to either edge detection or image segmentation, visual attention detection 
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mainly detects few visual attention objects (regions) with precise object positions and 

rough object shapes in an image. As an illustrated example shown in Fig. 8, because the 

contrast map CM may contain some unattractive parts, in this study, the block-based edge 

feature and standard deviation representation are used to generate the region mask (ap-

proximate contours) of visual attention objects (regions). The “processed” visual atten-

tion region mask is employed to generate the modified saliency map of the image. 

In this study, an image I (here luminance) of size W× H can be partitioned into image 

blocks Bi,j of size w× h, where (i,j) denotes the block index. Each block is expressed by its 

average luminance 
ji,  to obtain the block-based image ,I   i.e., 

),)]/( ,([
1-

0

1-

0

, hwyxB
w

x

h

y

i, jji  
 

  (20) 

where ) ,( , yxB ji
 is a pixel within block 

jiB  ,
. Then, the horizontal and vertical 

block-based edge maps, 
HI   and ,VI   are obtained by applying the Sobel operators (SH 

and SV) and binarization directly on the block-based image ,I   respectively. Here, 

.

101

202

101

   ,

121

000

121







































 

 VH SS  
(21) 

The initial block-based edge map 
eI   is obtained by union of 

HI   and ,VI   as an illu-

strated example shown in Fig. 9. To obtain the final block-based edge map 
eI  of the 

image, the horizontal end point map 
HE  of 

HI   is first obtained as 















                                                                             otherwise,,0

                         3,an smaller th is )(at  centeredregion 

3×3 a of pixels nonzero ofnumber   theand 0)(   if,255

),( x,yI

x,yI

yxE H

H

H

 

(22) 

where (x,y) is the image coordinate. Then, based on ,HE  horizontal edge-linking is 

performed on 
eI   as follows. If ),( yxIe

  is an end point, i.e., ,0),(  yxEH
 

edge-linking in four directions (left, right, up, and down) is performed on ).,( yxIe
  For 

the “left” direction, the value of ),( kyxIe   is set to 255 if the following conditions 

are satisfied: (1) ,0),(  dyxIe
 (2) ),( dyxIe   is the nearest pixel of ),( yxIe

  in 

the left direction, and (3) d<TE, where k=0,1,…,d and TE is empirically set to 12. 

Edge-linking at an end point can be similarly performed in the other three directions 

(right, up, and down). Note that if ),( yxIe
  is not an end point, ),( yxIe

  will not be 

changed. On the other hand, to obtain the final block-based edge map ,eI  based on the 

vertical end map ,VE  vertical edge-linking is similarly performed on 
eI  . 
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                       (a)                           (b) 

Fig. 9. Edge maps: (a) an input color image; (b) the corresponding block-based edge map 
eI  . 

 

For the standard deviation representation map 
s'I , each image block (i, j) is ex-

pressed by its standard deviation: 

,)-) ,(( 
1-

0

1-

0

2

 ,
 


w

x

h

y

ji,i,ji, j yxB   (23) 

where )./(]) ,([ 
1-

0

1-

0

hwyxB
w

x

h

y

i,ji, j  
 

  (24) 

Higher standard deviation indicates that the pixel value distribution of the image block 

has higher variation and the boundary of some visual attention region may lie on this im-

age block. 
s'I  can be normalized and binarized, i.e., 

,255/) ,() ,( MaxyxIyxI' s's'   (25) 



 


otherwise,         0,

, ),( if     255,
) ,(

averages'

s

TyxI'
yxI  (26) 

where Max is the maximum value in ,s'I  and the threshold, Taverage, is set to the average 

of a subset of pixel values in 
s'I' . The subset contains only the distinct pixel values in 

s'I'  (without repetitions). 

In this study, combining two types of information, the visual attention region mask 

MR   is obtained by union of 
eI  and 

sI , i.e., 



 


                                           otherwise.    0,

 255,) ,(or      255),(  if255,
) ,(

yxIyxI
yxMR

se

 
(27) 

Note that the visual attention region mask RM’ does not contain broken edge(s). In Fig. 

10 (a), the visual attention region mask MR   usually contains some fragmental compo-

nents due to edge-linking. To eliminate fragmental components, as shown in Fig. 10, a 

step-by-step post-processing procedure is applied on .MR   First, a region filling opera-

tor [32] is used to fill the holes in MR   so that MR   contains “complete” regions 

(“no-hole” regions). Then, the morphological erosion and dilation operators [33-34] are 

used to remove edge segments that do not constitute the regions. Based on the 

“processed” visual attention region mask RM, the modified saliency map SM, as three 

illustrated examples shown in Fig. 11, is obtained by weighting the contrast map: 



 


otherwise,           ), ,(

0,),( if     ), ,(
) ,(

yxCM

yxRMyxCM
yxSM

  (28) 
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where   is a weighted constant. To improve visual attention performance, the small SM 

values will be ignored by performing SM value thresholding. 
 

 
          (a)                           (b)                               (c) 

Fig. 10. The step-by-step post-processing procedure for :MR   (a) the visual attention region mask 

;MR   (b) MR   with region filling; (c) the “processed” visual attention region mask RM. 

 

   
(a)                           (b)                        (c) 

   
(d)                           (e)                        (f) 

Fig. 11. Saliency maps: (a)-(c) three input images and (d)-(f) the corresponding modified saliency 

maps, respectively. 

 

3.3 Visual Attention Region Determination 
 

Although the saliency map of an image can approximately characterize visual atten-

tion objects (regions) in an image, as the illustrated example shown in Fig. 12, the visual 

attention regions by Itti et al.’s model [18] might only contain some portions of “actual” 

visual attention regions in the image. To obtain the whole visual attention regions, “rec-

tangular” visual attention regions are usually determined [20-21] because it is easy to 

draw the ground truth (rectangular regions) of each image for objective evaluation and 

convenient for subsequent visual attention applications. 
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                  (a)                                (b) 

Fig. 12. Itti et al.’s model [18]: (a) the Itti et al.’s saliency map and (b) the visual attention 

regions. 

 

In this study, a visual attention region determination scheme is proposed. Here,   

percents of the most saliency pixels in the modified saliency map SM are extracted (here, 

 =10). Those extracted pixels are labeled by the 8-connected neighborhood region iden-

tification algorithm [35] and form 1-3 object(s) (cluster(s)). Given a labeled object (clus-

ter) set Os, a minimum rectangular box covering Os is created as a seed region Ros, which 

is then iteratively expanded by a search window (sw). The size of sw depends on the wide 

or high of Ros and the expanding size k, as shown in Fig. 13. Here, Num(sw) and S(sw) 

denote the total number of nonzero saliency values in sw and the size of sw, respectively. 

Based on the ratio R=Num(sw)/S(sw), Ros will be enlarged in one of the four directions 

(up, right, down, and left) sequentially. The expanding process in one direction will be 

repeated until the ratio R is smaller than a predefined threshold. The above expanding 

process is identically operated by the following order: up, right, down, and left of the 

seed region Ros.  

The detailed steps of the proposed visual attention region determination scheme are 

described as follows (Fig. 13). 

Step 1: For a seed region Ros of maximum size '' hw , determine the expanding size 

k of the search window (here k=5). 

Step 2: The seed region Ros is expanded in the “up” direction for the search window 

(sw), if the ratio R=Num(sw)/S(sw)  Tr (the predefined threshold). The 

above expanding process in the “up” direction is repeated until R< Tr. 

Step 3: The expanded seed region obtained in step 2 is expanded in the “right” di-

rection using the similar expanding process and the same threshold Tr. 

Step 4: The expanded seed region obtained in step 3 is expanded in the “down” 

direction using the similar expanding process and the same threshold Tr. 

Step 5: The expanded seed region obtained in step 4 is expanded in the “left” direc-

tion using the similar expanding process and the same threshold Tr. 

Step 6: Each seed region of maximum size not belonging to any expanded seed 

region will be identified and performs steps 2-5. 

In this study, by [36], the number of visual attention regions in an image is usually no 

more than three. If there are more than three visual attention regions (key targets) in an 

image, the viewer may be confused and lose his focus. Thus, in this study, the number of 

visual attention regions in an image is bounded by 3, i.e., for an image, at most three 

“most salient” visual attention regions will be retained. On the other hand, the order of 
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seed region expansion: up, right, down, left in the proposed approach might be changed 

by circular shifting, such as right, down, left, up for user convenience. 

    
(a)                          (b) 

Fig. 13. Visual attention region determination: (a) the expanding process of a seed region Ros and 

(b) the final visual attention region. 

4. EXPERIMENTAL RESULTS 

In this study, 114 test images randomly-selected from [37-39] and the Microsoft 

Research Asia (MSRA) salient object database [40] are used. The experiments are per-

formed using Matlab on Intel Core 2 Due CPU 2.0GHz-Microsoft Windows platform. To 

evaluate the performance of the proposed approach, three comparison approaches, name-

ly, Itti et al.’s approach [18], Park and Moon’s approach [24], and Zhai and Shah’s ap-

proach [20] are implemented in this study. Note that the results of Itti et al.’s approach 

[18] is fixation points, and the first 20 “uniform” fixation points are shown in this study, 

The output of Park and Moon’s approach [24] is a convex hull containing all the visual 

attention regions in an image. Both the spatial and temporal saliency maps are generated 

for video sequences in Zhai and Shah’s approach [20], whereas only the spatial saliency 

maps of Zhai and Shah’s approach are generated for images here. In the proposed ap-

proach,  , w, h,  , and Tr are empirically set to 5, 8, 8, 10, and 0.2, respectively. Ten 

participants are invited to draw visual attention rectangular regions as the ground truth 

(GT) of each input image. All participants had normal or corrected-to-normal vision and 

were presented a series of input images for 5 seconds, each separated by displays of a 

blank screen. The input images displayed on an EIZO FlexScan S2242W monitor (refresh 

rate = 60 Hz) at a viewing distance of 4 times the height of the monitor. The pixel in an 

input image will belong to the candidate ground truth region if the pixel lies within at 

least 6 ground truth regions drawn by the ten participants. Then, each minimum rectan-

gular box covering a candidate ground truth region is created as some part of the final 

ground truth of the input image. To evaluate the performances of the three comparison 

approaches and the proposed approach, two objective scores, namely, precision and re-

call between visual attention regions (VARs) and the ground truth (GT) regions [41] of 

an input image are employed, which are defined, respectively, as 
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),VARs(/)GTVARs((%)  NumNumprecision   (29) 

),GT(/)GTVARs((%)  NumNumrecall   (30) 

where Num(VARs) and Num(GT) are the numbers of pixels in VARs and GT, respec-

tively. Furthermore, ten participants are invited to give subjective scores on each image 

processed by the three comparison approaches and the proposed approach, which respond 

the degree of whether determined visual attention regions (VARs) are fit in with viewers’ 

expectation. All participants were presented the processed images by the three compari-

son approaches and the proposed approach of each input image for 5 seconds, each sepa-

rated by displays of a blank screen. As shown in Table 1, five subjective scores (1~5) 

denote Failed, Bad, Accepted, Good, and Excellent, respectively.  

 

Table 1. The subjective score description list. 

Score Assessment Description 

1 Failed Most VARs are missed. 

2 Bad Few VARs are fit in with viewers’ expectation. 

3 Accepted VARs are accepted, but some parts are deficient or redundant. 

4 Good Most VARs are fit in with viewers’ expectation.  

5 Excellent All VARs are fit in with viewers’ expectation. 
 

 

The 114 test images can be roughly divided into 4 categories, namely, “simple 

background (6 images),” “complicated background (81 images),” “multi-salient objects 

(15 images),” and “others (12 images).” A “simple background” image is an image hav-

ing a simple background, a “complicated background” image is an image having a com-

plicated background, and a “multi-salient objects” image means an image having multiple 

salient objects. “Others” images, including some special images, can be roughly divided 

into 4 sub-categories, namely, “frameized” images, noisy images, decompressed images, 

and low-contrast images. Note that a “frameized” image is an image containing an exter-

nal frame (i.e., an external boundary) and a decompressed image (with high compression 

ratio) usually contains blocking artifacts. Figs. 14-20 show 29 (among 114) characteristic 

input images with white rectangles being the ground truths (GT) and the corresponding 

visual attention region determination results by the three comparison approaches and the 

proposed approach. For the 29 characteristic images, there are 3 “simple background” 

images, 8 “complicated background” images, 10 “multi-salient objects” images, and 8 

“others” images, shown in Figs. 14, 15, 16, and 17-20, respectively. The average objec-

tive scores (precision and recall) and the average subjective scores (from 1 (failed) to 5 

(excellent)) of the visual attention region determination results of the 114 test images by 

the three comparison approaches and the proposed approach are listed in Tables 2-3, re-

spectively. The whole experimental results for the 114 test images can be reached on our 

website: www.cs.ccu.edu.tw/~ivplab/vard.htm [42]. 

Based on the experimental results obtained in this study, the visual attention region 

determination results of Itti et al.’s approach [18] with the first 20 “uniform” fixation 

points usually contain some texture regions and even smooth backgrounds, as the results 

of three illustrated examples shown in Fig. 15. To extract visual attention regions and to 
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ignore smooth backgrounds, the performance of Itti et al.’s approach [18] may be im-

proved by using a small number of fixation points so that some portions of “actual” visual 

attention regions in an image can be well determined, as the illustrated example shown in 

Fig. 12. However, the outputs of Itti et al.’s approach [18] using different number of fixa-

tion points will be various, whereas to determine the “optimal” number of fixation points 

for an image by Itti et al.’s approach [18] will introduce another problem. In this study, 

the outputs of Itti et al.’s approach [18] using the first 20 “uniform” fixation points are 

shown for comparison. If the locations of some fixation points are not “proper,” using 

either weighted or uniform fixation pixels, the outputs of Itti et al.’s approach [18] are not 

good. The performance of Park and Moon’s approach [24] highly depends on the 

“smooth” stage. For Park and Moon’s approach, the saliency map of an image often con-

tains some unsmooth parts in the background, even after the smooth stage. The convex 

hull used to fit visual attention regions in an image is greatly affected by unsmooth parts 

in the background. Based on the definitions of precision and recall, for Itti et al.’s and 

Park and Moon’s approaches, the large VARs in an image will usually result in the low 

precision value. Zhai and Shah [20] used the color histogram of an image to create its 

saliency map and claimed that the high probability part presents repeating information in 

the image, which will be relatively unattractive to image viewers, i.e., a small light region 

(the low probability part) is attractive in the dark background (the high probability part). 

Based on the experimental results obtained in this study, e.g., the fifth image (the school 

bus) in Fig. 15, not all low probability pixels (the sky) should receive high saliency values. 

In proposed approach, the saliency map of an image is obtained by using both the con-

trast map and the region mask of the image so that the background is well ignored and the 

VARs of the image can usually be precisely determined by the visual attention region 

determination scheme. The VARs determined by the proposed approach in some input 

images may be slightly larger or smaller than the ground truths, due to the influences of 

the morphological erosion and dilation operators. Based on the experimental results for 

the four types of test images obtained in this study (Figs. 14-20 and Tables 2-3), the per-

formance of the proposed approach is indeed better than that of the three comparison 

approaches. 
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 (a)                (b)                  (c)                  (d)                 (e)  

Fig. 14. Performance comparison of “simple background” images: (a) 3 input images with ground truths; (b)-(e) the visual 

attention region determination results by Itti et al.’s approach, Park and Moon’s approach, Zhai and Shah’s approach, and 

the proposed approach, respectively. 

 

 

     

     

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

Fig. 15. Performance comparison of “complicated background” images: (a) 8 input images with ground truths; (b)-(e) the 

visual attention region determination results by Itti et al.’s approach, Park and Moon’s approach, Zhai and Shah’s ap-

proach, and the proposed approach, respectively (to be continued). 
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 (a)                (b)                  (c)                  (d)                 (e)  

Fig. 15. Performance comparison of “complicated background” images: (a) 8 input images with ground truths; (b)-(e) the 

visual attention region determination results by Itti et al.’s approach, Park and Moon’s approach, Zhai and Shah’s ap-

proach, and the proposed approach, respectively (continued). 
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(a)                (b)                  (c)                  (d)                 (e)  

Fig. 16. Performance comparison of “multi-salient objects” images: (a) 10 input images with ground truths; (b)-(e) the 

visual attention region determination results by Itti et al.’s approach, Park and Moon’s approach, Zhai and Shah’s ap-

proach, and the proposed approach, respectively (to be continued). 
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(a)                (b)                  (c)                  (d)                 (e)  

Fig. 16. Performance comparison of “multi-salient objects” images: (a) 10 input images with ground truths; (b)-(e) the 

visual attention region determination results by Itti et al.’s approach, Park and Moon’s approach, Zhai and Shah’s ap-

proach, and the proposed approach, respectively (continued). 

 

 

     
 

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

Fig. 17. Performance comparison of “frameized” images: (a) 2 input images with ground truths; (b)-(e) the visual attention 

region determination results by Itti et al.’s approach, Park and Moon’s approach, Zhai and Shah’s approach, and the pro-

posed approach, respectively. 
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(a)                (b)                  (c)                  (d)                 (e)  

Fig. 18. Performance comparison of noisy images: (a) 2 input images with ground truths; (b)-(e) the visual attention region 

determination results by Itti et al.’s approach, Park and Moon’s approach, Zhai and Shah’s approach, and the proposed 

approach, respectively. 

 

 

     
 

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

Fig. 19. Performance comparison of decompressed images: (a) 2 input images with ground truths; (b)-(e) the visual atten-

tion region determination results by Itti et al.’s approach, Park and Moon’s approach, Zhai and Shah’s approach, and the 

proposed approach, respectively. 
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(a)                (b)                  (c)                  (d)                 (e)  

Fig. 20. Performance comparison of low-contrast images: (a) 2 input images with ground truths; (b)-(e) the visual attention 

region determination results by Itti et al.’s approach, Park and Moon’s approach, Zhai and Shah’s approach, and the pro-

posed approach, respectively. 

 

Table 2. The average objective scores of the visual attention region determination results by the 

three comparison approaches and the proposed approach. 

 Itti et al.’s 

approach 

Park and Moon’s 

approach 

Zhai and Shah’s 

approach 

Proposed 

approach 

precision 40.3 % 53.9 % 50.6 % 85.4 % 

recall 79.3 % 78.1 % 58.5 % 89.2 % 
 

 

Table 3. The average subjective scores (from 1 (Failed) to 5 (Excellent)) of the visual attention 

region determination results by the three comparison approaches and the proposed approach. 

 Itti et al.’s 

approach 

Park and Moon’s 

approach 

Zhai and Shah’s 

approach 

Proposed 

approach 

Avg. 3.1 3.3 3.2 4.2 
 

5. CONCLUDING REMARKS 

In this study, a visual attention region determination approach using low-level fea-

tures is proposed. First, the contrast map of an image is obtained by computing the con-

trast between each pixel and its “thresholding” neighboring pixels in eight directions, 

based on the just noticeable difference (JND) model. Then, the block-based edge map 

and standard deviation representation are used to generate the region mask of the image. 

The saliency map of the image is obtained by using the contrast map and the region mask 

of the image. Finally, based on the saliency map of the image, a visual attention region 

determination scheme is proposed to determine the visual attention regions of the image. 

Based on the experimental results obtained in this study, the performance of the proposed 

approach is better than that of the three comparison approaches. 

Visual attention region determination is important and useful for some multimedia 

applications, such as automatic image cropping, adaptive image display on small devices, 

image compression, image retrieval, and image/video retargeting. In the future, visual 

attention region determination for noisy, compressed, and decompressed videos using 

spatial and temporal saliency maps will be further investigated, which can be employed in 

video retargeting and summarization. 
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