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Abstract:The development of detectable points is important in image processing the effective fuzzy oriented saliency 
detection make advances in image contents. Usually the take the role normal are identified by bilateral filters and 
retaining the local features. Fuzzy oriented method with patterns between the center pixel and its surrounding 
neighbours in two dimensional local region proposed robust fuzzy salient region extraction algorithm (FSE) encodes 
the spatial relation between any pair of neighbours in a local region along the directions for the center pixel in an 
image. The experiments carried out for proving the worth of proposed method on two different types of benchmark 
databases and the new metrics Directional based Gaussian weight (DGW) and Relative Normal Distance (RND) has 
been proposed in this paper. The comparative studies based on absolute data from two publicly accessible databases 
show that the proposed method usually outperforms both qualitatively and quantitatively for saliency estimation 
analysis and understanding. It can be further extended with implementation of new retrieval techniques with 
different parameters which improves more retrieval efficiency and performance integrity. 
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I. INTRODUCTION  
This paper exploring the combination of features describe an 

image with respect to its visual properties, visual content and 

specifically focusing on content-based image retrieval (CBIR) 

tasks on regions The astute attempts to factorize concede 

components trifling by extracting great image features such as 

colour, texture and shapes that are calculated over the entire 

image. The consummate appropriately of extracting global 

features is the low cost of the single feature space 

computations. In addition, a global vector representation is a 
very effective strategy for certain retrieval tasks [1]. The 

sematic cleft to retain some degree of human interventions for 

preprocessing and recognition ability effectively for sematic 

retrieval, Keep a pursue the bilateral filter finds the local 

features and prevents the large differences in the normal 

vectors from the region of interest based on the statistics of the 

Euclidean distance between the normal of neighbors[2]. For 

invariance difference transformations to do the performance 

comparison of Haar Transform and Discrete Cosine Transform 

are used for the similarity measures. The pioneering results 

based on real data estimated the features more expressive in 
surface details [3,4]. The retrieved images are ranked 

according to the relevance between the query image and 

images in the database in proportion to a similarity measure 

calculated from the features. The remainder of this paper 

organized as follows. The region based and proposed saliency 

similarity estimation methods are explained in section II, III 

and IV respectively. Then the experimental results of the 

detected saliency to guide the existing techniques for different 

tasks are demonstrated in section V. Finally the conclusion in 

section VI. 

II.RELATED WORK 
The Lu and Burkhardt introduced an integrated method to 

color image retrieval by combining vector quantization 

method and discrete cosine transform. Ashraf et al. proposed 

image retrieval by using a combination of color features and 

bandlet transformation [5]. The transformation-based 

representation was selected to extract the salient objects from 

the images. Fang et al. propose a fuzzy logic approach for 
temporal segmentation where color histogram intersection, 

motion compensation, texture change and edge variances are 

integrated for cut detection[6]. 

A viewpoint determination system indigent upon the figuring 

recommended by Eesa, Orman, and Brifcani select sub-set 

starting with asserting Characteristics. The crash from 

claiming the individuals picked Characteristics used a decision 

tree classifier. The individuals prudent around fulfill higher 

rates something like precision concerning delineation for the 

each particular case picked [7,8]. The individuals on the most 

elevated necessity ahead related meets desires the individuals 
outstanding territories beginning with a picture a chance to be 

suggested looking into utilize the general qualities of the 

including region of the pixels. Those settle to saliency 

reasoned clinched alongside light for the individuals‟ 

voluminous correlations of the enhanced picture. Saliency will 

make a relative concept, judged not only against neighborhood 

neighbors, and also overall general state [9]. Focuses 

geometric properties starting with guaranteeing an object 
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described inevitably examining the neighboring concentrates. 
The global geometry might be the geometric properties to 

describe every single particular case in the dataset should 

portrayal. 

III.PROPOSED WORK 
The proposed region based saliency estimation consists the 

following phases as main steps bilateral normal filtering, fuzzy 
oriented vertex based saliency estimation description and 

directional oriented region based saliency estimation and 

understanding. This is the modified, extended work [10] and it 

has been improved in the sense that the bilateral filter has been 

proposed to smooth normal surfaces, the mean curvature 

feature has been replaced by the relative normal distance and 

validate more extensively using the real experiment data. The 

region-based directional saliency estimation method is 

proposed in this paper in order to refine the vertex-based 

saliency, through considering the votes of different surface 

regions for estimating their relative contrast and saliency 

values instead[10]. The final, fuzzy oriented vertex based 
saliency is estimated as a ratio between the region-based 

saliency and the vertex based saliency.  

Directionality of an image is measures by the frequency 

distribution of oriented local edges against their directional 

angles. The histogram of quantized direction values are 

constructed by counting number of the edge pixels with the 

corresponding directional angels. Direction of edges that co-

occurred in the pairs of pixels separated by a distance along 

the edge direction in every pixel using line-likeness regularity 

[11]. To validate the proposed method the three popular 

benchmark databases are used for the subjective nature of 
ground truth, the detected saliency is mainly presented for 

visual inspection. The usefulness of the detected saliency used 

to guide the existing techniques for directional oriented shape 

analysis and understanding tasks as mesh simplification, 

interest point detection, and overlapping point registration 

[12].  

A. Normalised Bilateral Filter 

Bilateral  filter is  the  combination  of  two Gaussian filters:  a  

spatial  one,  and  a  range  one. The spatial Gaussian acts like 

the normal Gaussian filter in assigning larger weights to 

nearby pixels and smaller weights to distant pixels [13,14]. 
The main idea is to give more weight to the pixels that are 

closer  in  the  spatial,  but  also  in  the  range  domain,  to  the  

current central pixel. The larger the distance in the spatial 

domain and the difference in the intensity domain, the less 

impact a neighboring pixel will impose on the pixel of interest 

[15]. The weight of each component is computed using a 

Gaussian function. It has been extended to filter the meshes 

due to its nonlinear, feature-preserving characteristics. The 

bilateral filter takes a weighted sum of the pixels in a local 

neighborhood; the weights depend on both the spatial distance 

and the intensity distance [16]. In this way, edges are 

preserved well while noise is averaged out. Mathematically, at 
a pixel location x, the output of a bilateral filter is calculated as 

follows， 
2 2
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Where σd and σr are parameter controlling the fall off of 
weight in spatial and intensity domains [17].  N(x) is a spatial 

neighborhood of center pixel I (x), I(y) is the any other pixel 

other than the center pixel in the given window and C is the 

normalization constant 
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The spatial linear filters used to smooth noise from an 

image are the box (averaging) filter and the spatial Gaussian 

filter. These filters take the weighted average of the pixels in a 

neighborhood. An averaging filter has filter coefficients are 

equal, is called a box function The processed image is g(x, y) 

and M×N is the number of pixels being averaged on the input 

image f(x,y) as, 
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Filters can also perform a weighted average with varying 

coefficients. A common averaging filter with this quality is the 

spatial Gaussian filter. Since the absolute distance between 

normal vectors tends to capture the coarse and large variation 

and ignore the fine and small variation in the surface normal, a 

new bilateral normal filtering method is proposed in this 

section. Given a unit normal vector ni and the centroid ci, the 

proposed bilateral filter normal  is defined as, 
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is the standard Gaussian function 

in terms of relative normal distance RND (ni,nj) and σc and σs 

are the two standard deviations of normal units and w be the 

spatial weight on the region under normal value but the over 

running weight recognized as pure value equal to 1. The 

relative normal distance RND(ni,nj) between ni and nj is 

defined as: 

( , ) (5)
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Where the average Euclidean distance between ni and other 

neighboring normals nk. The relative distance is not uniform. 

For two sets of points with a similar neighboring relationship 

between the corresponding points are differ but the relative 

distances are similar in general manner.  

B. Directional Gaussian Weight 

Frequency-tuned approach using a Difference of Gaussian 
filter helps uniformly highlight whole salient regions with 

well-defined boundaries. By adaptive feature refinement 

method by using low-level features are combined and 
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successively refined. The lightness distance, Color distance 
and edge strength are combined with weights are selected [17]. 

Let X denotes the m×n pixel input image, divide the block 

into equivalent region overlapped each other. Let x denote a 

block of X, and  be the feature value measure and 

 Due to experiments the vision sensitive 

pattern contributes a little variations within the accumulate and 

saliency computation. The lightness and color difference of 

each block x is denoted by  and   are the 

computed Euclidean distance between the averages shown 

as, and  

Where  are the averages measured in CIELAB 
color space. In this method the random walk identifies the 

salient region determined with the help of frequency of visit of 

each node. Fully connected digraph representation of the edge 

between two vertices is proportional to their dissimilarity, as 

well as their closeness in the spatial domain [18,19].  Regions 

closer to the center of the image usually have a better chance 

of containing salient objects [20]. Weighting function was 

used to aggressively assign more weight toward the center of 
estimated location of the single main subject. However, for 

images containing multiple salient objects. Gaussian weighting 

function that serves primarily to suppress regions near the 

borders and corners of the image. The weights factors 

calculated by Gaussian bell , 

and (x, y) are arbitrary pixel positions, filter radius r is in 

statistics the standard deviation sigma relative to the filter 

box[21]. For original image the neighborhood distribution of 

image in local region are calculated as 
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The local image derivatives are computed with Gaussian 

kernels of scale σD Gaussian kernel value of average in the 

neighborhood of the point by smoothing with a eigenvalues of 

this matrix represent the principal signal changes in two 

orthogonal directions in a neighborhood around the point 
image signal varies significantly in both directions, or in other 

words, for which both eigenvalues are large [22]. The gradient 

distribution of the smoothened image as, 

( , )

2

1
( ) (7)

2

iw x yg e


  

The sub-pixel precision can be achieved through quadratic 

approximation of the corner function in the neighborhood of a 
local maximum. Here, we employ a broad Gaussian weighting 

function that serves primarily to suppress regions near the 

borders and corners of the image[21,23]. Specifically the 

features modified as, , where  be 

the Gaussian map function at the location(x,y) as, 
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This property is attributable to the large values of the 

standard deviation σx and σy. Gaussian center-weighted 

function to normalize each feature map as follows 
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Where the classifying function of iteration and α is 

specifies the relative contribution of neighbor on the initial 

normal value [24]. The normalized saliency map of X denoted 
as MX, is the computed weight of all feature maps is in the 

range [0, 1]. 
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C. Proposed Approach 

In order to develop a robust fuzzy salient region extraction 

algorithm (FSE) one needs to identify the problems 
incorporated with the available techniques. The fuzzy set 

theoretic based approach may be considered a good choice for 

handling uncertainties arising at different stages of processing 

and analysis of a CBIR system. A feature evaluation 

mechanism is provided to enhance the accuracy of the system 

further. The user marks the relevant images within the 

retrieved set. The individual feature weights are updated with a 

measure namely fuzzy feature evaluation index (FEI) 

computed from „intra set ambiguity‟ and the „interest 

ambiguity‟ of the relevant and irrelevant set of images. 

Let 1 2, ,............. mC C C be the m pattern classes in an N 

dimensional ( 1, 2 ,......... Nx x x ) feature space class jC contains 

jn  number of samples. But saliency originates from visual 

uniqueness, is often attributed to images in the fast visual 

attention focus on bottom up data driven saliency detection 

using image contrast.  Saliency of a region depends mainly on 

its contrast to the nearby regions, while contrasts to distant 

regions are less significant.Let ( , )I x y  be the image intensity 

at (x, y), where x=1, 2,…...W and y=1, 2,…….H, with W and 

H are the image width and height respectively. The Image 

representation as a set of pixels and is defined as 

 | , 1,2...... , 1,2,..... ( , ) (11)xy xyp x y N x W y H and p I x y       
 

Where pxy  is the pixel‟s value at location (x, y) and N is the set 

of Natural Numbers. Saliency maps should be fast and easy to 

generate to allow processing of large image collections, and 

facilitate efficient image classification and retrieval[43]. To 

evaluate saliency of an image region using its contrast with 

respect to the entire image.  The saliency value of a pixel 
kI  in 

the image I is defined as, 

,( ) ( ) (12)
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Where D (Ik, Ii) is the color distance metric between pixels Ik 

and Ii. Since directly introducing spatial relationships when 

computing pixel-level contrast is computationally expensive, 

so as to integrate spatial relationships into region-level 

contrast computation (RC) method is used. The weights are set 

according to the spatial distances with farther regions being 

assigned smaller weights. Incorporate spatial information by 

introducing a spatial weighting term in Equation 18 to increase 
the effects of closer regions and decrease the effects of farther 

regions. Specifically, for any region rk, the spatially weighted 

region contrast based saliency is defined as: 
2( ( , )/ ) ( ) ( , )

( ) (13)s k i s i r k i
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k

r r

S r e
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Where Ds(rk, ri) is the spatial distance between regions rk 

and ri, and σs controls the strength of spatial weighting. Larger 

values of σs reduce the effect of spatial weighting so that 

contrast to farther regions would contribute more to the 
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saliency of the current region. To avoid large value of the 
variance, the variance is normalized in the range of [0, 1]. The 

contrast ratio (RC) is a property measuring the ratio of the 

luminance of the brightest color (white) to that of the darkest 

color (black). A high contrast ratio represents a better color 

representation. We utilize the inverse contrast (CR) to measure 

the tendency of the smoothness of the relative intensity. The 

value of CR will be 0 for a constant area of a region, otherwise 

1 for a high contrast area. The inverse contrast as follows, 

2

1
1 (14)

1 s

CR


 


 

The dissimilarity between query regions and the regions 

associated with an image in the database can be measured 

based on the overall weighted distances [25]. These 

dissimilarities are used to establish a ranking list of the best 

candidate images. At this stage, We focus on adaptively 

refining the importance of the similarity from the search 

results to users‟ desired targets. This will cause irrelevant 

salient regions or non-salient regions on the object of interest 

to occur on the saliency map. These problems are tried to be 
solved by internal or external approaches to the saliency 

computation such as the normalization of feature maps 

(internal approach)  and segmentation (external approach) to 

enhance salient object detection . 

The Saliency map of each input channel enables us to obtain 

the saliency at decomposition level as, 

( , ) ( ( , )) (15)c

s

s

F x y N f x y 
 

Where Fc is the saliency map of input channel c, and N (.) is 

the function that consists of Gaussian smoothing and 

normalization to the range [0, 1]. It focuses on global 

structures at its initial coarse level and gradually focuses on 
local details in the subsequent levels. Therefore, it can allow 

belief propagation to go across texture regions easily.  The 

fuzzy vertex region algorithmic method gets stuck in texture-

like regions in the background, while Gaussian smoothing can 

overcome these local textures and highlight the salient 

foreground objects successfully in these test images.  

D. Computational Complexity 

The computing complexity of MRF is not readily predictable. 

The computing time is proportional to the range for a belief to 

propagate from the source to the pixel is related to the number 

of pixels. Our experiment validated that the convergence time 

is nearly proportional to the number regions of pixels, namely 
O(N). It is noted that Fuzzy oriented saliency extraction 

algorithm needs to converge on multiple layers. However, the 

number of nodes has been reduced to1 2k

, and the search space 

at the top level of the pyramid is then drastically reduced to 
2(1 2 )k

 as well. While the pre-converged confidence map is 
inherited by the next level and hence it can be expected to help 

reduce the total convergence time. The computing time was 

measured for a MATLAB solution. We can see that the single-

level took the longest time to converge (210 ms), for 5-level 

needs only 23 ms in total for all five levels. From this 

comparison successively not only helps overcome texture 

background, but also helps reduce the computing time. 

 

IV.EXPREMENTS AND RESULTS 
The aim of this experiment to test the ability to recognize the 

salient feature extraction ability of the proposed method. 

Fuzzy feature evaluation index helps to reconfigure the feature 

detection stage using the confidence values from fuzzy index 
value and a pre-defined minimum threshold. 

E. Exprimental Setup 

The similarity function GSI compares the saliency of the 

common features and the distinctive features to the saliency of 

the common features and the distinctive features. The values 

of a and b establish the relative importance of distinctive 

features in the similarity assessment. When a b , a 

directional similarity measure is acquired and the similarity 

function is not symmetrical. 
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Where f is a non-negative and increasing function, A, B 

denote the sets of true predicates on the measurements. To 

overcome the uncertainty of computational error during the 

reconfiguration process the Cauchy function can capture the 

feature vectors and reflect the retrieval accuracy as, 
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v


is the center point or location of the fuzzy set, d denotes 

the width and a determines the smoothness of the function, d 

and a portray the grade of fuzziness of corresponding fuzzy 

feature. For each region the fuzzy feature determined by  
1

1 1
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ˆ
if is the average distance between the cluster centers and 

also describes the transition of the region boundaries. 

F. Dataset 

The evaluation and comparison of the proposed method 

against the previous baseline methods on two representative 

benchmark datasets, the MSRA 1000 and CIFAR100 are used. 

The MSRA-1000 dataset contains 1,000 images with the pixel-

wise ground truth provided that each image in this dataset 

contains a salient object. CIFAR 100 is wildly used dataset 

consists of 100 classes of natural images. There are 50K 

training images and 10K testing images. Randomly cropped 

and flipped image patches of size 26 × 26 are used for 

training. The initial learning rate is 0.01 and it is decreased by 
a factor of 10 every 6K iterations. Fine-tuning is performed for 

20K iterations with large mini-batches of size 256. The initial 

learning rate is 0.001 and is reduced by a factor of 10 once 

after 10K iterations. 

Evaluate our saliency detection method by using two different 

datasets the MSRA1000 and CIFAR100 are used. Both 

datasets include images with complex background and low 

contrast objects, as well as manually labelled ground truth 

masks (GT) for salient object candidates. Several state-of-the-

art saliency detection algorithms are chosen for comparison 

and are in the following referred to as saliency filter (SF), 

frequency tuned saliency(IG), Global Components (GC), and 
Region Contrast (RC) respectively. Before normalize all the 

saliency maps to the range of [0; 255] and obtain 256 binary 

results by varying the segmentation threshold. The precision 

and recall rates are firstly computed for each image at every 

threshold then averaged over the overall benchmarks. 
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G. Expremental results 
For each descriptor, the procedure is complete, the application 

arranges the images contained in the database according to 

their proximity to the query image, generating a ranking list. 

Overall, the system generates individual ranking lists. Then, 

using either the proposed method, the methods from the 

literature, these result lists are in order to generate the final 

ranking list. The measures used to evaluate the performance of 

the algorithms are False Negative Error (FNE), the False 

Positive Error (FPE), and the Weighted Miss Error (WME). 

Let us denote the set of ground truth points for model M as G 

(n; σ) and the set of interest points detected by the algorithm. 
Denoting the number of correctly detected points in G as NC 

and the number of points in G as NG, the false negative error 

rate at localization error tolerance r is defined as: 

( ) 1 (19)c

G

N
FNR r

N
   

To calculate the false positive error rate, each correctly 

detected point g ϵ G corresponds to a unique a. All the points 

in A, excluding a correspondence in G, are considered as false 

positives. Then, the number of false positives, denoted as NF, 

is set to NF = NA - NC, where NA is the number of interest 

points detected by the algorithm. The false positive error rate 

at 

Localization error tolerance r is then defined as: 

( ) (20)F

A

N
FPR r

N
  

To incorporate the prominence of an interest point into the 

evaluation, another miss error measure is defined, as the 

Weighted Miss Error (WME). The WME is defined as 

1

1
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Where pi
 is the degree of view point interest contributed by 

pi. Hence, this error intends to measure the ability of an 

algorithm to detect the semantically significant interest points. 

The WME has a range of 0 to 1 with the best matching quality 

defined by the value 0 and the worst by 1. Also the 

performance of the method using the Mean Average Precision 

(MAP) metric for evaluation: 

( ) (22)
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Total number of images retrieved
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Total number of relevant images retrieved
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The mean average precision is computed as follows 
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Where Rn is the recall after the nth relevant image retrieved 

and NR the total number of relevant documents for the query, 

Q is the set of queries q. additionally, to calculate significant 

the performance deviation between the methods by using 
Significance test.  An observed effect, such as a difference 

between two means, or a correlation between two variables, 

could reasonably occur just by chance in selecting a random 

sample at significance levels 0.05, 0.01, and 0.001, against a 

baseline run. 

 

V.PERFORMANCE EVALUATION 

A. Performance on MSRA1000 dataset 

 
Figure 1. Visual Comparison of Saliency Map of Full 

Benchmark Dataset. 

Figure 1 shows the computed saliency map compared the 

proposed global contrast based methods with 4 state-of-the-art 

saliency detection methods.  They used our methods and the 

others to compute saliency maps for all the 1000 images in the 
database. Table 1 compares the average time taken by each 

method. For typical natural images, our FSE method needs   O 

(N) computation time and is sufficiently efficient for real-time 

applications. In contrast, our RC variant is slower as it requires 

image segmentation, but produces superior quality saliency 

maps. The average time of each method is measured on a PC 

with Intel i7 3.3 GHz CPU and 8GB RAM. Performance of all 

the methods compared in this table is based on 

implementations in C++ and MATLAB. 

TABLE 1 COMPARISON OF AVERAGE TIME TAKEN TO  

COMPUTE THE SALIENCY ON MSRA-1000 DATASET 

TABLE I.   

Algorithm SF IG GC RC FSE 

Time (S) 0.15 0.61 0.09 0.25 0.07 

Code C++ Matlab C++ C++ Matlab 

Figure 2 shows the performance of the five methods tested and 

ours, with respect to the localization error tolerance r. The 

lower the graphs, the better the results. With ideal interest 

point detection, the errors are expected to drop very quickly 

with respect to r. A rapid drop in WME means that the 

algorithm finds the interest points with a low localization 

error, while a rapid drop in WME indicates that the algorithm 

does not return excessive interest points. 

 
In Table 2, present the significance test results at 

significance levels of 0.05, 0.01, and 0.001against the 

baseline. The proposed fuzzy method significantly improves 

the results, for all the three levels experimented with, and in all 

4 evaluation measures. MAP value improved by 3.35% 

comparing to RC, 12.62% comparing to GC, 30.54% 

comparing to IG and 32.62% comparing to SF.  

Table 2. Evaluation distribution of proposed method on 

MSRA-1000 Dataset 
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Algorithm MAP  FPR  FNR  Precision Recall 

SF 0.3046 0.6101 0.3899 0.25 0.07 

IG 0.3254 0.5124 0.4876 0.54 0.36 

GC 0.5046 0.5376 0.1954 0.87 0.76 

RC 0.5973 0.5175 0.4237 0.88 0.80 

FSE 0.6308 0.4300 0.1925 0.86 0.81 

FSE_Color 0.6147 0.4450 0.3962 0.78 0.69 

FSE_Depth 0.5846 0.4550 0.3444 0.79 0.71 

 
B. Evaluation on CIFAR-100 dataset 

 

Figure 3. Visual Comparison of Saliency map between 

different algorithms on CIFAR-100 Dataset 

 

In Figure 3 the dataset has 100 class natural images and the 

Pixel wise annotation of salient objects in this dataset was 

generated. This dataset is very challenging since many images 
contain multiple salient objects either with low contrast or 

overlapping with the image boundary.  

To facilitate a fair comparison with other methods, randomly 

choose 10K images from the training set as the held-out set. 

Fine categories within the same coarse categories are visually 

more similar. It takes around 20 hours to train our deep 

prediction model for 15 image segmentation levels of regions 

using the CIFAR dataset. It only takes 8 seconds to detect 

salient objects in a testing image with 400x300 pixels on a PC 

with a 3.4GHz Intel processor using our MATLAB code.   

 
Table 3 shows the impact of the use of shared layers on the 

weighted classification error, memory footprint, and the net 

execution time. The coarse category component and all fine 

category components use independent preceding layers 

initialized from a pretrained building block net. Most of these 

methods are more complex because they use demand high 

computational resources and large datasets. In contrast, our 

method is quite simple in both testing and training steps. The 

results obtained are still encouraging compared to other simple 

methods that obtain worse results. It is also interesting to 

analyze the first two values of the table. These results are 

obtained using non-convolutional networks and learning 
directly from the entire image. Like our baseline result, this 

poor performance confirms the advantage of 

learning from small regions, especially with complex data as it 

happens in this case. 

 

COMPARISON OF TESTING ERRORS, MEMORY FOOTPRINT (MB) 

AND TESTING TIME (SECONDS) BETWEEN IMAGE BLOCKS ON 

CIFAR-100 DATASET 

 

Figure 4: Comparison with State-of-art-in terms of 

Weighted Miss Error on CIFAR-100 Dataset 

 

In Figure 4 shows that the localization error tolerance 

increases, our method detects more ground-truth interest 

points than the competing methods, having lower WME. 

Moreover, when multiple salient objects appear in an image, 

our model shows a dramatic advantage over all the methods 

mentioned above, which can locate individual region at pixel 
level within and on the contour of the objects exactly.For 

quantitative evaluation, to plot the precision-recall curves and 

F-measure in Figure 5 to compare our method with six state-

of-the-art approaches. The precision and recall values clearly 

demonstrate that our model outperforms the other algorithms. 

Our model gets the highest precision value in almost the whole 

recall interval [0, 1], where the highest value can reach up to 

0.93. The Proposed model can roughly outline the salient 

region of an image, the corresponding saliency values are not 

effectively enhanced. The quantitative comparison in Figure 5 

shows the proposed algorithm performs well in both the 

precision-recall and the bar graph indicates the superior overall 
performance of our model. 

 

Figure 5. Quantitative Measurement Evaluation of 

Proposed Method FSE on CIFAR100 Dataset 

 

VI.CONCLUSION 
In this paper, a novel bottom-up computational model of 

visual attention is proposed to obtain the saliency map for 

images based on region coefficients. The proposed model 

derives feature maps of band-pass filtered regions from the 

input image with increasing frequency bandwidths. It can 
adapt the center-surround structure of the HVS (human visual 

system) since feature maps includes components from the 

edge to the texture based on the multi-level decomposition. 

Using these features, the local and global saliency maps are 

introduced to form the final saliency map. Saliency-on and 

saliency-off feature integration was proposed based on a fuzzy 

decision rule to demonstrate the reliability of saliency 

information on unsupervised segmentation model. Also, the 
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use of fuzzy logic to find automatic scale value is not used in 
the existing research.  
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