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ABSTRACT

This paper presents a fuzzy approach of feature maps
combination in saliency-based visual attention model
proposed by Itti. This strategy applies fuzzy rules to combine
three conspicuity maps instead of linear combination in the
basic model of visual attention that does not seem reasonable
biologically. In this method, in addition to bottom-up features,
top-down cues are also considered in the model. As fuzzy
rules are designed using target mask information, top-down
characteristics of the target are considered helping the model
to make the target more conspicuous in the final saliency map.
This can be applied in further processing such as object
detection and recognition application. The experimental
results show the effectiveness of our new fuzzy approach in
finding the target in the first hit. A database of emergency
triangle in natural environment background is used in this
paper to show the results. Moreover, the comparison of this
fuzzy combination approach with some other combination
methods also proved the priority of the approach over other
combination strategies.

General Terms

Your general terms must be any term which can be used for
general classification of the submitted material such as Pattern
Recognition, Security, Algorithms et. al.
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1. INTRODUCTION

During the last few decades, machine vision technique which
is based on human visual reality has remarkably improved.
One of the most important abilities of humans is visual
attention system. This ability can direct human vision to the
most interesting parts of a scene called salient points and their
saliencies are related to how much attention can focus on
them. This mechanism has been applied in many applications
such as target detection, navigational aids and robotic control

(1], [2], [3], [4], [5).

There are some computational models of visual attention
which account for bottom-up visual attention [6], [7], [8]. In
all these models, low-level visual features such as color,
intensity and orientation help to form multi-scale feature maps
and then saliency map. The basic computational model of
visual attention was proposed by Itti in 1998 which are the
basic model for the most of the new models [7]. However,
while many researchers have focused on bottom-up features,
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it has been proved that top-down cues also play an important
role in directing attention towards salient regions [9]. As a
result, many researchers have also studied in this regards [10],
[11]. In top-down approaches, finding a special object or
some particular objects are usually taken into consideration
which is suitable in object detection application. In terms of
combining feature maps to form saliency map, some
researchers have presented new ideas [12], [13]. They
proposed new combination strategies instead of combining
feature maps linearly which does not seem reasonable
biologically.

In this paper, we have proposed a new fuzzy combination
method for combining conspicuity maps instead of linear
summation. Fuzzy logical systems have been employed in
many issues such as signal processing, image processing and
pattern recognition and etc [14]. They can be replaced for
traditional mathematical modeling to model the complex
human behavioral systems. Input-output fuzzy sets could be
taken into account as a fuzzy model of human behavioral
systems. Therefore, they could be a suitable choice for
combining feature maps. The fuzzy systems sound suitable as
nonlinear function estimator because it can approximate any
real continuous function with a high accuracy [15], [16]. So,
the training images of each database were applied with their
corresponding target mask as input-output fuzzy sets and then
designed fuzzy rules as nonlinear combination operator. By
doing this, the combination rules were created purposefully in
direction of highlighting the target, which, in turn, leads to
finding the target as a conspicuous object with a high
accuracy.

The rest of this paper is as follows. In section 2, the basic
saliency-based visual attention model is briefly explained that
is the basis for our model. In section 3, the details of our
model will be discussed and the way of designing fuzzy sets,
membership functions, rules and designing the FIS system.
Experimental Results are discussed in section 4. Finally,
section 5 concludes the paper.

2. SALIENCY-BASED VISUAL
ATTENTION MODEL

In this part, we briefly discuss about the basic saliency-based
visual attention model proposed by Itti et al [7]. In this model,
the value of every pixel in saliency map indicates the
conspicuity value in original input image corresponding to the
saliency map. First of all, different spatial scales are generated
using Dyadic Gaussian Pyramids which subsample and low-



pass filter the color input image [7]. Then, feature maps in
three different channels of color, intensity and orientation are
evaluated by linear “center-surround” operator which acts
similar to visual receptive fields [7]. Center-surround operator
performs as a difference between fine and coarse scales of an
image. Finally, 42 feature maps corresponding to color
(12maps), intensity (6maps) and orientation (24 maps) are
generated. These maps, which take out with various extraction
methods, have different dynamic ranges and not-comparable
modalities [7]. So, they should be normalized to the same
dynamic range to have the capability of combination. After
normalization of feature maps, they combine linearly in each
channel to generate three conspicuity maps. Ultimately, after
linear summation of three conspicuity maps, saliency map are
created. The conspicuity at every location of saliency map
could guide the attention based on spatial distribution of
saliency.

3. MODEL

As it could be observed in Fig.1, after extraction of three
conspicuity maps by the basic model [7], we aim to fuse them
by Fuzzy Interface System (FIS) to form the final saliency
map as output of the fuzzy system. After consisting saliency
map, the winner-take-all (WTA) network [7] recognizes the
most salient point and directs attention towards it. The
combination rules are generated through training images that
will be discussed in proceeding sections. A look up table
method is employed to generate fusion rules, which then will
be explained in more detail.
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Fig 1: The modified visual attention model using Fuzzy
Interface System (FIS).

3.1 Database

Image database (emergency triangle database) applied in this
study is taken from Itti’s Lab at USC. This database contains
three groups of images. The first group consists of several
color images of the target in natural environment background.
The second group contains images of target masks
corresponding to the first group Images. As it is shown for
some samples in Fig.2, the images of target masks contain
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white color for the target with totally black background. The
first and second groups of images are applied for generating
input-output fuzzy sets to design fuzzy rules. The third group
consists of other color images of the target in natural
environment background. This group is used for test process.
Furthermore, compared our method is compared with the
basic saliency model and also some relevant model using the
same test database.

Fig 2: Top: two samples of training images; Bottom:
target masks corresponding to the training images in the
Top.

3.2 Generating fuzzy input-output pairs
using our database

Because we aim to modify the way of combining conspicuity
maps, conspicuity maps should be drived in Itti’s model for
all the images of the first group (training images). As the
images are in the size of (640x480) pixels, the conspicuity
maps are extracted with the size of (40*30) pixels. As a result,
three 1200-dimensional conspicuity maps for all the 32
images of the first group and their corresponding target masks
in the second group are applied as the training dataset to
generate fuzzy input-output sets. In other words, there are 32
groups of images, each of them containing four maps, three
conspicuity maps and one target mask. The pixels of these
four images have been employed as numerical input-output
set to create fuzzy rules. As shown in Fig .3 for a sample
image, 1200 pixels of three conspicuity maps are employed as
fuzzy input sets and the pixels of one target mask are applied
as fuzzy output sets. These data pairs in all 32 groups are
used to create a set of fuzzy if-then rules.

Now, There are 1200 three-input one-output pairs of data for
one sample image as the following:

(iy (l)l i (l), i (€] : t® ), (iy (2)’ iy (2)l i3 (2 : t(2))’ e, (g (1200)’ iy
(1200)’ i (1200); t(lzoo)) 1)

Where, iy, iy, i3 are inputs and t is output. Thus, 32 groups of
1200-dimentional data as demonstrated in (1), with three
inputs and one output are employed as numerical fuzzy sets to
design fuzzy rules which can effectively model the input-
output pairs of data extracted from 32 images dataset.
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Fig 3: Pixels of conspicuity maps (40x30=1200 pixels)
extracted from input image and pixels of its corresponding
target mask (1200 pixels)

3.3 Designing fuzzy membership functions
This {(A), BY): p = (1: Ni), j = (1:N])} could be considered as
membership functions for the inputs and output. Where, N;is
the number of inputs and Njis the number of membership
functions which is allocated to each input. Here three
conspicuity maps are existed that their pixels are regarded as
three inputs. So, N;is equal to 3. Moreover, each input image,
which is conspicuity map, is normalized between zero and
one. Therefore, the inputs domain are considered between [0,
1], which are divided into three regions, signified by L (Low
intensity) for A,', M (Medium intensity) for A%, H (high
intensity) for A,%. So, N; is also considered 3. In other
words,three fuzzy trapezoid membership functions are
allocated to each input. Besides, in order to achieve the fuzzy
output, three trapezoid membership functions (Lo, Mo, Ho)
for B'(j=1:3) were considered. It should be mentioned that
other types of membership functions with different divisions
could be also applied. Since there are many pairs of input-
output and three membership functions using for each input,
3D input space was divided into (3x3x3=27) regions to cover
all the input space. Furthermore, one rule is assigned to each
region with look-up table method. As a result, 27 rules were
designed. Each input {(i;¥, i,%, i5¥): (x=1:38400)} is
allocated to one of these 27 regions with its corresponding
rule.

3.4 Generating fuzzy rules

Creating fuzzy rules is a very important part of designing a
fuzzy logical system. First of all, a rule should be designed for
each input-output pairs of data demonstrated in equation (1).
For each input-output pair of (i @, i, ®, i; ®1®) (x=1:38400),
membership values of i, (p=1:3) in fuzzy membership
functions of Apj (j=1:3) should be determined. Then, the
membership values of t* in the fuzzy membership functions
of B ! (j=1:3) should be calculated. In other words, pa/y(i,™)
for (j=1:3) and (p=1:3) and pg'(t™) for (j=1:3) should be
calculated. After that, for each input and output variable, the
fuzzy membership functions should be determined in which

' conspicuity "' Target mask
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i,®and t* have the most values. Finally, an if-then rule for
each input-output fuzzy pair could be designed.

As there are lots of input-output pairs and a lot of rules, many
created rules with the same “IF” part and different “THEN”
part conflict with each other. As a result, a degree should be
assigned to each rule to ignore the rules with lower degree to
reduce the number of rules. For instance, in the supposed rule
“IF iy is A; and i, is A, and i3 is A;, THEN t is B”, the degree
of the rule is considered as”Ma1 (i1) Maz (i2) Maz (iz) Mg ().
After calculating the degree of all rules, the ones with
maximum degree can be kept.

After allocating a degree to each rule and omitting the
conflicting rules, all of the twenty seven spaces were not
covered. Therefore, the interpolation method was used to
design rules for the empty spaces. Finally, twenty seven fuzzy
rules were created to cover all the input space. Fuzzy rules are
considered as the following general from:

If inputl (Conspicuity mapl) is (L1, M1 or H1) and input2
(conspicuity map2) is (L2, M2or H2) and input3 (conspicuity
map3) is (L3, M3orH3) then output (saliency map) is (Lo, Mo
or Ho).

3.5 Designing fuzzy system based on fuzzy

rules

The proposed system was designed based on Mamdani Fuzzy
Interface System after generating if-then rules with look-up
table method. Moreover, for “and” and “or” functions, “min”
and “max” operators were applied respectively. It should be
noted that the Center of Gravity defuzzifier was utilized to
obtain the exact output. Three inputs are given pixel by pixel
to the fuzzy system in order to be combined through fuzzy
rules. The saliency map is formed as the output of the system.
Three conspicuity maps are combined pixel by pixel by fuzzy
rules to get the corresponding pixel of the output saliency
map. After generating all pixels of the saliency map in the
output of the FIS, the salient point can be found with winner-
take-all network.

4. EXPERIMENTAL RESULTS AND
DISCUSSION

In this section, the results of implementing the modified fuzzy
model on emergency triangle database have illustrated to
show the effectiveness of our modified model. This database
comprises 32 training images with their corresponding target
masks for designing rules and another 32 test images of
emergency triangle for testing. The MATLAB Programming
language was applied for implementing the algorithms. The
size of all images is (640x480) pixels and the conspicuity
maps are extracted in the size of (40%30) pixels. In addition,
the results of comparing the fuzzy combination method with
other combination methods are presented in this section. Our
proposed strategy not only applies nonlinear data fusion
instead of simple superposition, which is more convincing
biologically, but also combines top-down information with
bottom-up features. On the other hand, due to creating
combination rules using target masks available for targets, our
model can modulates a competition for task-relevant objects
in object recognition purpose.

4.1 Fuzzy combination results

Two images out of total 32 test images are illustrated in the
top row of the Fig.4. First of all, three conspicuity maps are



extracted with the basic saliency model [7] that could be seen
on the next rows below each figure on the top row. The pixels
of these three conspicuity maps are fused through Fuzzy
Interface System with 27 designed rules instead of linear
summation in basic model [7]. The final saliency map is
generated in the output of the FIS. As mentioned before, the
designed rules are in direction of highlighting the target more
than surrounding that makes the target more conspicuous in
the final saliency map. On the other hand, the top down
information or previous knowledge of the viewer is
considered in the model. This leads to a goal-directed search
among the target and other clutter.

Fig 4: Two of the total 32 test images and their three
conspicuity maps extracted by basic visual attention model

[7]

As could be seen in the Fig.5, after combining three
conspicuity maps in the Fig.4 for two test images with basic
model and fuzzy rules, the saliency maps were generated.
Fig.5.c, g and Fig.5.d, h, show the saliency maps that were
generated by Fuzzy Interface System and by the basic saliency
model [7] respectively. As it is shown in Fig.5.a, b, the fuzzy
model found the target (emergency triangle) in the first hit
even with the existence of sun brightness, while the basic
model found the sun as the first salient point that is shown
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with the red contour. As the fusion rules were designed in
fuzzy model using training images with their corresponding
target masks, these rules are in direction of strengthening the
target in the final saliency map and weakening the distracters.
As it is illustrated in the Fig.5.c, in the saliency map generated
by fuzzy combination rules, the brightness of the sun has
weakened so that the model has found the emergency triangle
as the salient point in the first hit. As could be seen in the
Fig.5.e, f, the target was detected in the first hit with fuzzy
fusion combination rules while in the basic model the
emergency triangle was not detected in the first hit.

Table.1l shows the results of fuzzy combination rules and
naive superposition with two parameters. The number of trials
in all test images in which the target was detected in the first
hit is called the No. of .Zeros parameter, and the number of
trials in which the target was not detected before five hit (five
times of running the algorithm) is called No. of. UST (number
of unsuccessful trials). As could be seen in Table.1, the naive
summation of conspicuity maps in the basic model of visual
attention [7] has detected the emergency triangle in the first
hit in 9 images of 32 total test images. Moreover, in 5 images
the target could not find in the first hit with naive
superposition. However, with fuzzy combination rules, in 17
images of the 32 total images, the target was detected in the
first hit, and also there were 4 unsuccessful trials. The No. of
Zeros parameter is so valuable in object detection and
recognition application because it indicates the number of
trials in which the target has detected in the first hit. As there
was a very remarkable improvement in this parameter, this
modified model is suitable as object detection application.

Table 1.The results of naive superposition and fuzzy
combination methods with No. of Zeros (the number of
trials in which the target was detected in the first hit) and
No. of UST (the number of trials in which the target was
not detected before five hit)

Combination method No. of. Zeros No. of. UST
NaiveSuperposition
9 5
Fuzzy Combination
Rules 17 4
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Fig 4: (a),(e) Two samples of test images in which the
target has detected in the first hit using fuzzy combination
rules. (c), (g) the saliency maps of two test images created
using fuzzy fusion rules. (b), (f) two samples of test images
in which the target has not detected in the first hit using
basic saliency model (d), (h) the saliency maps of two test
images created using basic saliency model.

4.2 Comparison of fuzzy combination
method with other proposed combination
methods

Our proposed modified model is compared with five other
computational models of visual attention which have been
studied on the feature map combination methods [7], [12],
[17]. These approaches are “Naive superposition” [7],
“Genetic Algorithm combination” [17], “Harmonic Mean
combination” [12]. The results of comparison are illustrated in
Table .2. Two parameters are used as comparison parameter:
mean and standard deviation of false detection before finding
the target that is called Mean and STD respectively [14].

As illustrated in Table.2, there was considerable improvement
in finding the desired object (emergency triangle) in the mean
and standard deviation of false detection before finding the
target. As could be seen in the Table.1, the genetic algorithm
combination method [17] had the better results compared to
naive superposition. Genetic algorithm method weighs the
feature maps in direction of finding the target using target
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mask information [17]. Because of weighing the feature maps
purposefully using target mask information, it had better
results compared to naive superposition. Moreover, harmonic
mean combination approach [12] had the better result than
naive superposition and genetic algorithm with 1.15 and 1.51
for Mean and STD respectively. In harmonic mean approach
the feature maps are combined with harmonic mean formula
[12] that is a kind of parallel data combination. As illustrated
in Table.2, fuzzy combination approach had the best results
among other mentioned data combination methods with 0.85
and 1.20 for Mean and STD respectively. As a result,there was
fewer numbers of false detections in fuzzy fusion approach
compared to other combination strategies.

Table2: Three combination strategies compared to fuzzy

combination method with Mean (Mean of false detection

before finding the target) andSTD (standard deviation of
false detection before finding the target) parameters

Combination Method Mean STD
Naive Superposition 2.44 2.20
Genetic Algorithm 1.92 2.01
Harmonic Mean 1.15 151
Fuzzy Combination Rules 0.85 1.20

5. CONCLUSION

We have proposed a novel fuzzy feature combination strategy
in this paper that could be a suitable substitution for previous
traditional linear combination which does not seem reasonable
biologically. This combinational approach combines three
conspicuity maps in basic model of visual attention not only
with using bottom-up features but also with applying top-
down information. These top-down cues are considered
through designing fuzzy combination rules using target mask
information for training images. Three conspicuity maps were
extracted from each training images. The pixels of these
conspicuity maps were applied as input-output fuzzy sets to
generate fuzzy rules. 27 fuzzy if-then rules were created with
look up table method and the MamdaniFuzzy Interface System
was designed. This system acts as a nonlinear combination
operator and it takes three conspicuity maps as its inputs and
generates the final saliency map in the output. Because of
designing fuzzy rules using target mask information available
for each training image, these rules are designed in direction
of strengthening the target and weakening the distracters. The
experimental results showed the effectiveness of this new
fusion rules and its comparison with other combination rules.
It also demonstrated the remarkable improvement of fuzzy
fusion approach in finding the target in the first hit with high
accuracy in comparison with other methods, which is valuable
in object detection and recognition application.
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