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Abstract – In this paper, we present a new visual attention sys-
tem which is able to detect attentive areas in the images with non-
uniform resolution. Since, one of the goals of the visual attention 
systems is simulating of human perception, and in human visual 
system the foveated images processed, therefore, visual attention 
systems should be able to identify the saliency region to these im-
ages. We test the system by two types of the images: real world 
and artificial images. Real world images include the cloth images 
with some defect, and the system should detect these defects. In 
artificial images, one element is different from the others only in 
one feature and the system should detect it.  

Index Terms – Visual Attention, foveated Images 
  

I. INTRODUCTION 

A. Visual Attention 

The visual attention is a selective process that enables a per-
son to act effectively in his complicated environment [1]. We 
all frequently use the word “attention” in our everyday conver-
sations. A definition for attention is given in [2]: “attention 
defines the mental ability to select stimuli, responses, and 
memories”. These stimuli can be anything, for instance, think 
of conditions in which you are studying and concentrated on 
the text you are reading. Suddenly you are interrupted with a 
loud sound or you smell something burning and attract your 
attention. Similarly, there are stimuli in the environment that 
affect our vision, for example, a moving object, picture on the 
wall, or a bright area in a dark room. These are examples of 
cases where without any predetermined goal automatically 
attract our attention. This type of attention is called bottom-up 
attention [3](fig. 1).  

 
Fig.1 a picture on the wall attract our attention (bottom-up attention) 

There are other cases in which we are looking for a special 
object in the environment, and all the things that have similar 
features to that object, will attract our attention. Assume, for 
instance, that we are looking for a red pen on a table. Anything 
with red color or with a shape like a pen will attract us, and so 
we may find the desired object in the first or the next focuses. 
This type of attention is called top-down attention [3] (Fig. 2). 
B. Foveated Images 

Human vision system (HVS) is a space variant system [4]. It 
means that by receding from the gazing point, the resolution 
gradually decreases and only the totality of the scene will sur-
vive. Images that have this feature are called foveated images. 
The area with the highest resolution is called the fovea [5] 
(fig.3). 

We can find the source of this behaviour, by studying the 
eye’s structure. There are two kinds of vision cells on the ret-
ina, cone cells and rod cells. Cone cells are too much less than 
rod cells in number, but they are sensitive to color, and each 
cell is individually connected to a nerve. Cone cells are gath-
ered in the fovea area in the retina. Rod cells are too much 
more than cone cells and they are in the area around the fovea. 
Multiple rod cells are connected to a single shared nerve and 
they are sensitive to light [6]. 

 Because humans have non-uniform vision and in fact their 
brains perform special processing on foveated images, in this 
paper we concentrate on visual attention on foveated images. 
Up to now, visual attention is studied only on normal images 
(uniform resolution).  

 

 
Fig.2 when we looking for a red pen on the table, regions that have red 

color, attract our attention (top-down attention) 

T. Sobh (ed.), Advances in Computer and Information Sciences and Engineering, 17–20. 
© Springer Science+Business Media B.V. 2008 

Visual Attention in Foveated Images



 
Fig.3 foveated image 

Section 2 is dedicated to related works and we introduce 

what currently is performed in the field of visual attention. In 

section 3 we present our work with enough details and then the 

tests and evaluation results are discussed in section 4. Finally 

we present the conclusions and our future works in section 5. 

II. RELATED WORK 

The increased interest on research on visual attention and 

simulation of human behaviour together with the increased 

processing power of computers has led to development of a 

wide variety of models and systems on visual attention. In this 

section, we first introduce several important models on visual 

attention, and then we will explain the VOCUS system, which 

our system is based on.  

 

A. Basic Models 

The first computational architecture of visual attention was 

introduced by Koch and Ullman [7]. This model is based on the 

Feature Integration Theory (FIT)[8], and has provided useful 

algorithms for many of current systems. This bottom-up archi-

tecture is able to detect the salience regions of images by using 

three features: color, orientation and intensity. 

One of the recently introduced systems of visual attention 

was introduced by Milanese [9] [10]. This model is based on 

Koch and Ullman model, and uses filter operations to compute 

the feature maps [1]. It uses these features: orientation, local 

curvature, color, and intensity. 

One of the important aspects of this model is that it uses a 

conspicuity operator to identify the salient regions in a scene. 

This operator acts based on the On-Off and Off-On cells in 

human vision system, and computes the contrasts in images. 

Another system that is one of the best currently existing sys-

tems, is Neuromorphic Vision Toolkit (NVT) [11]. The fea-

tures used in this system are color, orientation, and intensity, 

and all the computations are performed on the images pyramid. 

The idea of using a weight function to combine feature maps, 

and also the center-surround mechanism are used in this sys-

tem. 

In the original version of NVT, only the bottom-up attention 

was considered, but Navalpakkam and Itti introduced another 

version which was able to utilize the top-down attention too. 

The main idea was to have a system capable of learning the 

values of target's features, by a set of training image. A draw-

back of this version was that nothing was considered about the 

simultaneous use of these two types of attention. 

 

B. VOCUS System 

In this section, we introduce VOCUS (Visual Object detec-

tion with a CompUtational attention System), developed by 

Frintrop [1]. It has many similarities to NVT system and it uses 

feature maps and saliency, Inhibition Of Return (IOR), which 

have been used also in many currently introduced systems. Our 

proposed system is very similar to this one from the implemen-

tation point of view and utilizes many of its ideas. But as one 

of the goals of visual attention systems is to simulate the hu-

man's perception and his vision system, and foveated images 

are used in his vision system, it’s important to note that this 

system is unable to handle foveated images, but our system is 

capable of locating the target in such images. 

As described in [1], in this system, on input image, three dif-

ferent feature dimensions are computed: intensity, orientation, 

and color.  

The channel for the feature intensity extracts regions with 

strong intensity contrasts from the input image. First, the color 

image is converted into gray-scale. From the gray-scale image, 

a Gaussian image pyramid with five different scales s0 to s4 is 

computed. The intensity feature maps is computed by center-

surround mechanism extracting intensity differences between 

image region and their surround, similar to ganglion cells in the 

human visual system [12]. Then the maps for each center-

surround variation are summed up by across scale addition: 

first, all maps are resized to scale s2. Then maps are added up 

pixel by pixel. After summing up the scales this yields 2 inten-

sity maps. 

 Similar, orientation maps are computed from oriented py-

ramids [13]. The oriented pyramid in fact consists of four py-

ramids, one for each of the orientation 0, 45, 90,135. The orien-

tations are computed by Gabor filters detecting bar like feature, 

according to a specified orientation. The orientation scale maps 

are summed up by across scale addition for each orientation, 

yielding four orientation feature maps of scales s2, one for each 

orientation. 

To compute the color feature map, the color image is firstly 

converted into an LAB-image, an LAB image pyramid is gen-

erated. From this pyramid, four color pyramids are generated 

for the distinct colors red, green, blue, and yellow. On these 

pyramids, the color contrast is computed by center surround 

mechanism. The maps of each color are rescale to the scale s2 

and summed up into four color feature maps. 

The fusion of feature maps and then conspicuity maps is 

done by a weighted average. The maps are first weighted by a 

weight function, and then they are summed up. This function 

is: 



)1(/ mXX =  

In which X indicates the map, and m is number of local 

maxima. 

Finally, the saliency map, shows the attentive area in the in-

put image 

III. SYSTEM DESCRIPTION 

In this section we introduce details of our system that try to 

find region of interest in foveated images. The architecture of 

system shares the main concepts with the standard models of 

visual attention, especially based on the model of Koch and 

Ullman. The implementation is roughly based on the VOCUS, 

one of the best known attention systems currently. However, 

there are several differences in implementation details and type 

of the input images (Foveated images).  

The structure of our visual attention system is shown in fig. 

4. As illustrated in figure; the input of the system is a foveated 

image, which may be generated by software or hardware. We 

use software tools to generate images with the fovea in the cen-

tre of the image. In fact, this image is similar to human's per-

ception from a scene (non-uniform resolution). At first step, a 

pre-processing is performed on the input images. It includes 

performing a 3*3 Gaussian filter on the input image, so that 

this filter is used multiple times in the center of image and it is 

used by a decreasing rate as we move from the center to the 

periphery. In any location in the image, the local variance of 

the image is used to determine the number of times that the 

filter is used in that location. Moving from the center to the 

periphery, the local variance decreases, so the number of itera-

tions also is reduced.   

In the basic version of the system, this step was distributed 

in all steps of the system, and using an initiative idea, the simi-

lar processes were placed in one single step, and this led to a 

considerable improvement in the performance. In addition, 

because after performing this step on input images, in some 

cases, it is possible to continue the work by using VOCUS, we 

named this step "pre-process". To gain better and more accu-

rate results, we needed to change some details of the imple-

mentation of VOCUS. For example, we needed to change the 

weight function to decrease the value of unimportant maps, and 

increase value of other maps. We also changed the value of 

thresholds to make the system able to work in new conditions.  

IV. EXPERIMENTS AND RESULTS 

In this section, we present experimental results on real world 

images and artificial images. We implement our system with 

MATLAB programming language. 

Our sample pictures include real images of cloth and tile 

with some defects, and the system should detect these defects. 

In artificial images, one element is different from the others 

only in one feature and the system should detect it. In each 

experiment, we first show that VOCUS is unable to find the 

defects and then show that our system is able to detect the de-

fects correctly. It's worth noting that the small green circle in-

dicates the approximate location of the defect. 

 
 

Fig.4 structure of the system 

 

A. Experiment 1 

This image is a tile image that in the top of it there is a black 

dot (fig.5). 

 As illustrated in figure, our system detected the defect, but 

VOCUS not able to detect it. Since the resolution in the center 

of image is better than periphery, the VOSUS worked wrongly. 

                       
(a)                                                 (b) 

Fig.5. (a) the defect is detected by our system (b) but not by the VOCUS 

 



B. Experiment 2 

This image is a cloth image that there is a vertical red defect 

on it: the defect is detected by our system, but not by the 

VOCUS (fig.6)      

 

C. Experiment 3 

This image is an artificial image (pop-out). There is a red 

blob among the blue one. In this image only one feature is dif-

ference: color (fig.7). 

              

D. Experiment 4 

This image is also a cloth image, that there is a yellow defect 

on it (fig.8) 

       

(a)                                          (b) 

Fig.6. (a) the defect is detected by our system (b) but not by the VOCUS 

 

        

(a)                                              (b) 

Fig.7. (a) red bolo is detected by our system (b) but not by the VOCUS 

         

(a)                                                 (b) 

Fig.8. (a) horizontal line is detected by our system (b) but not by the VOCUS 

 

V. CONCLUSION AND FUTURE WORKS 

We presented a new visual attention system which is ena-

bling of detecting attentive areas in the images with Non-

uniform resolution, something that no other currently existing 

system is capable of. According to the standard attention model 

of Koch and Ullman, and VOCUS, we concentrate on the three 

features (color, intensity, orientation), since they belong to the 

basic feature of human perception and are rather easy to com-

pute. Of course, this can only approximate human behaviour 

where many other features attract attention, e.g., size, curva-

ture, and motion [1]. 

 In future works, we intend to complete the top-down part of 

the system.  In addition, we should improve the system's speed 

to make it possible for being used in real time cases. We will 

also study addition of the motion feature, which has an impor-

tant role in attracting the attention. 

ACKNOWLEDGEMENT 

The authors would like to thank Simone Frintrop for useful 

comments on this paper. 

REFERENCES 

[1]   Frintrop, S: VOVUS: a Visual Attention System for Object Detection 
and Goal Directed Search. PhD thesis University of Bonn Germany. 

January 9, 2006 

[2]   Corbetta, M.: Frontoparietal cortical networks for directing attention 

and the eye to visual locations: Identical, independent, or overlapping 

neural system? Proc. Of the National Academy of sciences of the 

United States of America, 95:831-838. 1990 
[3]   Desimone, R. and Duncan, J.: Neural mechanism of selective Visual at-

tention. Annual reviews of Neuroscience, 18:193-222. 1995 

[4]   Coltekin, A.: Foveation for 3D visualization and Stereo Imaging. PhD 

thesis Helsinki University of Technology Finland. February 3, 2006. 

[5]  Chang, E.: Foveation Techniques and Scheduling Issues in Thinwire Vi-

sualization. PhD thesis New York University. 1998. 
[6]   Gonzales, R. C. and Woods, R. E.: Digital image processing. Addison-

Wesley Publishing Company, 1992 

[7]  Koch, C. and Ullman, S.:Shifys in selective visual attention: Towards 

the underlying neural circuitry. Human Neurobiology 4 (4, 1985) 219-

227. 

[8]   Treisman, A. M. and Gelade, G.: A feature integration theory of atten-

tion. Cognitive Psychology 12 (1980) 97–136. 

[9]   Milanese, R.:Detecting Salient regions in an Image: From Bilogical 

Evidence to Computer Implimentation. PhD thesis, University of Ge-
neva, Switzerland. 1993. 

[10]  Milanese, R., Wechsler, H., Gil, S., Bost, J., and Pun, T.: Integration of 

bottom-up and top-down cues for visual attention using non-linear re-

laxation. In proc. Of the IEEE Conference on Computer Vision and 

Pattern Rcognition, pages 781-785. 1994. 

[11]  Itti, L., Koch, C. and Niebur, E.: A model of saliency-based Visual At-

tention for Rapid Scene Analysis. IEEE Trans. On PAMI 20, pages 

1254-1259, 1998. 
[12]  Palmer, S. E.: Vision Science, Photons to Phenomenology the MIT 

Press 1999. 

[13]  Greenspan, H., Belongie, S., Goodman, R., Perona, P., Rakshit, S., and 

Anderson, C.: Overcomplete steerable pyramid filters and rotation in-

variance. IEEE Computer Vision and Pattern Recognition (CVPR), 

pages 222-228, 1994. 

 




