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of yi in Eq. (22). As we can see in Figure 6(b), the square is the first to be selected while the

others remain silent. As the oscillators representing the square keep pulsing the IoR takes effect,

and after some time determined by ω (Eq. 20), the oscillators are inhibited allowing the next

most salient object to become selected, in this example, the left object. This process continues

until all the objects have been selected once.

The overall behavior of our model can be understood as follows. An input image feeds the

saliency map and the segmentation module as illustrated in Fig. 1. The saliency map calculates

the saliency of all pixels. This process incorporates the role of local feature contrast in guiding

attention. In parallel, the LEGION segregates the input image into a set of segments. The

LEGION network is able to achieve rapid synchronization among oscillators and desynchro-

nization between different blocks of oscillators representing different segments [31], [40]. After

obtaining the saliency map and the segmentation result, the object saliency map is generated.

Eq. (18) incorporates the size of an object into the object-saliency map. This map feeds the

object selection module, which becomes the original LEGION model if we eliminate the two

Heaviside functions in Eq. (19) [31]. In this equation, the first Heaviside plays the role of object

selection and the second the IoR. If the first Heaviside returns 0, i.e. the object saliency value

that feeds the oscillator does not exceed the level of the slow inhibitor, the oscillator is excitable

and can be recruited to oscillate by one of its neighbors based on the term Si in Eq. (14a).

However, considering that the oscillators within a block are not connected to oscillators from

another block, and the object saliency value for the whole block is the same, if the first Heaviside

of an oscillator is 0, the Heaviside of the whole block is also zero. Thus, the object is inhibited.

On the other hand, if the object saliency value that feeds a block of oscillators exceeds slow

inhibition, the oscillators are allowed to oscillate and the object represented by them is selected.

At the same time, the slow inhibitor assumes a new value through Eq. (20) which represents

the object saliency of the currently active segment. As a result, other objects with smaller object

saliency values are prevented from being selected.

Once a block is oscillating, the IoR mechanism takes effect and each oscillator i within that

block has its ri reduced by Eq. (21). After a few cycles defined by ω, ri approaches zero. Thus,

the second Heaviside of Eq. (19) returns 0, which represents the inhibition of oscillator i and

consequently the inhibition of the whole segment. Following the inhibition of this object, the

slow inhibitor has its value decreased by Eq. (20) and the next most salient object is selected
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(a) (b) (c)

(d) (e) (f)

Fig. 7. Object selection result for a gray level image. (a) Input image which is an aerial image with 160 × 160 pixels. (b)

Saliency map. (c) Result of LEGION segmentation, where each segment is represented by a distinct color. (d) Object-saliency

map. (e) First object selected. (f) Second object selected.

as shown in Fig. 6.

IV. SIMULATION RESULTS

In this section, computer simulation results are presented. Before presenting the results, we

first describe the parameters used in the modules. In the saliency map module (Sec. II-A), we

apply the same parameter values used in [14], except for the definitions of the color opponencies

and the Gaussian kernel as mentioned in Section II-A. Image segmentation is performed by the

algorithm presented in [40]. In this algorithm, the coupling strength Wij between two neighbor

oscillators is set up according to their similarity using the following rule. For gray level images,
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(a) (b) (c)

(d) (e) (f)

Fig. 8. Object selection result for a gray level image. (a) Input image which is an MRI image with 257 × 257 pixels. (b)

Saliency map. (c) Result of LEGION segmentation. (d) Object-saliency map. (e) First object selected. (f) Second object selected.

Wij = IM/(1 + |Ii − Ij|) (23)

For color images,

Wij = IM/

1 +
∑

h∈{r,g,b}

|hi − hj|

 (24)

where IM is the maximum value of the channels I , r, g, and b. In our simulations, this value is

set to 255. Ii is the gray level of pixel i. hi represents the color channel (r, g, and b) of a color

pixel i. The parameter Wz in Eq. (15) defines the strength of the global inhibitor. When Wz is

set to a high value, it is more difficult to group pixels into a single object, which consequently
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leads to more and smaller regions. In a way, Wz provides a control on the scale of analysis

which is not addressed in this study. Wz is adjusted for each input image in order to produce a

reasonable segmentation result [40] and its value will be given when describing the simulations.

The object selection network presented in Section III-B is integrated by using the fast numerical

method of singular limit which allows for simulating large networks of relaxation oscillators [18].

The following parameter values are used for integrating the selection network by the singular

limit method: α = 6.5, Wz = 0.7, and µ = 0.125. All the other parameters are not necessary

when solving the equations using this method. C = 1.65 is used for all the experiments. Note

that selection results are not very sensitive to these parameter values.

First, two gray level images are used as input. Figure 7(a) shows the first input figure. Figure

7(b) presents the saliency map from Fig. 7(a) where brighter pixels indicate higher saliency

points. Here, by using Wz = 20 the LEGION network produces 17 segments as shown in Fig

7(c). Based on the results from the saliency map (Fig. 7(b)) and LEGION (Fig. 7(c)), the object-

saliency map is shown in Figure 7(d). In this figure, a brighter object indicates a higher saliency

one. This map feeds the object selection network which first chooses the most salient object

shown in Figure 7(e), representing a lake in the central part of the scene. After that, due to the

IoR mechanism described in Section III-B, the oscillators representing the first selected object

are inhibited allowing the system to select the second most salient object which is shown in

Fig. 7(f). In all the simulations presented in this paper, only the first and the second selected

objects are shown to illustrate the selection process. The next simulation, presented in Figure 8,

is performed on an MRI (Magnetic Resonance Imaging) image of the human head. As in Fig.

7, Fig. 8(a) shows the input image and Fig. 8(b) the saliency map. For this image, Wz = 20

and the LEGION network produces 21 segments as shown in Fig. 8(c). From the object-saliency

map in Fig. 8(d), one can see that the cortex is the most salient object, thus, the first object to

be selected as presented in Fig. 8(e). The second object selected by the network is shown in

Fig. 8(f), corresponding to the brainstem.

Next, we present results on color images in Figures 9-12, following the same format as in

Figures 7 and 8. For all of them, Wz = 20 . In Figure 9(a), due to the high contrast of the beetle

with its background composed of mostly yellow and green things, the beetle seems to be the

first object to pop out from the scene for a human observer. This percept agrees with the result

from our object-saliency map in Fig 9(d), where the segment corresponding to the beetle is the
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brightest. As we can see in Fig. 9(e), the first object to be selected is indeed the beetle.

Figure 10 presents a simulation of a scene where the most salient object appears to be a

boat to a human observer. Again, due to its high contrast with background objects, the boat

is selected by our system as the first object (see Fig. 10(e)). Part of an orange tree is shown

in Figure 11(a). For this input image, our model selects the two oranges as the first and the

second object emerging from the competition, and the selected objects are shown in Fig. 11(e)

and 11(f), respectively. Figure 12 presents a scene of a person in Central Park, New York. For

this color image, the first selected object is the upper body of the person shown in Fig. 12(e)

and the second selected object corresponds to the left part of the park scene shown in Fig. 12(f).

Other simulations with gray and color images have been conducted, and results with similar

quality to that of the above simulation results have been obtained.

V. CONCLUDING REMARKS

Object based attention has received empirical support [20], [22], [25], [26], [28], [38]. In this

paper we have presented an object selection model based on oscillatory correlation theory. This

model integrates several modules: A saliency map, which calculates the saliency values of all

the locations of the input scene, a LEGION network for segmenting the scene into a set of

segments or objects, and an object selection network for selecting the most salient object of

the scene. Modeling visual attention with an oscillator network is motivated by physiological

studies suggesting that synchronous activity plays a fundamental role in solving the binding

problem and visual attention [8], [15], [29]. In contrast to previous computational models of

location-based visual attention, our model, due to the use of an image segmentation network,

is able to deal with objects directly. By integrating the saliency map, the segmentation module,

and the IoR mechanism, our selection network can select a set of objects sequentially according

to their saliency.

Our model has several limitations that need be addressed in future work. The proposed system

only addresses bottom-up aspects of attentional selection, and top-down guidance of attention

is not modeled. Top-down analysis could be modeled by including a working memory and

an associative memory, as investigated in previous work [2], [39]. Incorporation of other visual

features, such as motion and object contour, among others, could further enhance the performance

of the system (see [37]). Finally, it should also be stated that even though the architecture of
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our model is motivated by experimental studies of visual attention, our model does not simulate

psychophysical data in a quantitative way as its purpose is to perform selection of objects in real

scenes. From the psychological standpoint, many aspects of the model are gross simplifications.

For example, our model does not allow an object to be selected more than once. Also, the

time course of shifting from one object to another is not addressed although there is potential

consistency between gamma-band oscillations (about 40-Hz) [29] and the rate of attentional shifts

of about 50-100 ms [27], [23] (see Fig. 6). Neurocomputational models have been developed to

simulate perceptual data of visual attention (see [5] among others).
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Fig. 10. Object selection result for a color image. (a) Input image with 385 × 256 pixels. (b) Saliency map. (c) Result of

LEGION segmentation. (d) Object-saliency map. (e) First object selected. (f) Second object selected.

illusory objects,” The Journal of Neuroscience, vol. 27, no. 30, pp. 7963–7973, 2007.

[21] E. Niebur, C. Koch, and C. Rosin, “An oscillation-based model for the neuronal basis of attention,” Vision Research,

vol. 33, pp. 2789–2802, 1993.

[22] K. M. O’Craven, P. E. Downing, and N. Kanwisher, “fMRI evidence for objects as the units of attentional selection,”

Nature, vol. 401, pp. 584–587, 1999.

[23] H. Pashler, The psychology of attention. Cambridge, MA: MIT Press, 1998.

[24] A. Revounsuo and J. Newman, “Binding and consciousness,” Consciousness and Cognition, vol. 8, no. 2, pp. 123–127,

1999.

[25] A. M. Richard, H. Lee, and S. P. Vecera, “Attentional spreading in object-based attention,” Journal of Experimental

Psychology: Human Perception and Performance, vol. 34, no. 4, pp. 842–853, 2008.

[26] P. R. Roelfsema, V. A. F. Lamme, and H. Spekreijse, “Object-based attention in the primary visual cortex of the macaque

monkey,” Nature, vol. 395, pp. 376–381, 1998.

[27] J. Saarinen and B. Julesz, “The speed of attentional shifts in the visual field,” Proceedings of the National Academy of

Sciences of USA, vol. 88, pp. 1812–1814, 1991.

[28] B. G. Shinn-Cunningham, “Object-based auditory and visual attention,” Trends in Cognitive Sciences, vol. 12, no. 5, pp.

182–186, 2008.

[29] W. Singer and C. M. Gray, “Visual feature integration and the temporal correlation hypothesis,” Annual Review of

Neuroscience, vol. 18, pp. 555–586, 1995.

[30] Y. Sun and R. Fisher, “Object-based visual attention for computer vision,” Artificial Intelligence, vol. 146, pp. 77–123,

March 21, 2009 DRAFT

Page 24 of 33

1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39
40
41
42
43
44
45
46
47
48
49
50
51
52
53
54
55
56
57
58
59
60



For Peer Review

IEEE TRANSACTIONS ON NEURAL NETWORKS 25

(a) (b) (c)

(d) (e) (f)

Fig. 11. Object selection result for a color image. (a) Input image with 256 × 256 pixels. (b) Saliency map. (c) Result of

LEGION segmentation. (d) Object-saliency map. (e) First object selected. (f) Second object selected.
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Fig. 12. Object selection result for a color image. (a) Input image with 341 × 256 pixels. (b) Saliency map. (c) Result of

LEGION segmentation. (d) Object-saliency map. (e) First object selected. (f) Second object selected.
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