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Abstract: This paper presents a salient region detection algorithm for auto-focusing based on the 
characteristics of a human’s visual attention. To describe the saliency at the local, regional, and 
global levels, this paper proposes a set of novel features including multi-scale local contrast, 
variance, center-surround entropy, and closeness to the center. Those features are then prioritized to 
produce a saliency map. The major advantage of the proposed approach is twofold; i) robustness to 
changes in focus and ii) low computational complexity. The experimental results showed that the 
proposed method outperforms the existing low-level feature-based methods in the sense of both 
robustness and accuracy for auto-focusing.     
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1. Introduction 

Auto-focusing (AF) is one of the most important 
functions of digital image acquisition devices. Three main 
elements of an auto-focusing system include a 
determination of the focusing region, computation of the 
focus measure, and a search for the optimal focusing point 
by maximizing the focus measure [1-3]. Among them, the 
appropriate selection of focusing region is the first step for 
an accurate AF. A good focusing region needs to include 
the most interesting or salient objects in a scene.  

The optimum focusing region can be set by the user 
selection, which is simple for non-professional 
photographers, or is not even possible in many low-cost 
cameras. For this reason, several automatic focusing region 
selection methods have been proposed by using; i) the 
center of an image [3], ii) local contrast [4], and iii) subject 
recognition based on the change in the focusing value in 
multiple focusing regions [5]. 

Another saliency model based on low, middle, and 
high-level image features was trained using the collected 
eye tracking data or dictionary but this approach is 
unsuitable because it requires additional hardware devices 

and a huge database [9]. 
To solve the above mentioned problems, this study 

measured the degree of visual stimulus, and produced a 
saliency map. Most existing saliency maps based on the 
likelihood of a location of attraction are built using 
bottom-up computational models because visual attention 
is in general unconsciously driven by low-level stimulus in 
the scene [6-17]. These human visual attention models, 
which were first proposed by Itti and Koch [6], consists of 
a combination of various feature maps, such as color, 
orient and local contrast from the image in multiple scales. 
These approaches can represent only the most salient 
region because only low-level features are considered. 

This paper proposes a novel salient region detection 
method that combines high-level conceptual features with 
variance, entropy and center priority. The proposed 
approach can be applied to real-time applications at low-
cost with high-quality commercial imaging devices, such 
as compact digital cameras, consumer’s camcorders and 
surveillance cameras, with object recognition and tracking 
functions. 

2. Related Works 
This work was supported in part by the Technology Innovation 

Program, Industrial Strategic Technology Development Program 
(Development of SR(Super Resolution) Image Scaler for 4K UHD), under 
Grant K10041900 and by Basic Science Research Program through 
National Research Foundation (NRF) of Korea funded by the Ministry of 
Education, Science and Technology (2009-0081059). 

This section briefly summarizes several notable 
approaches to selecting a focusing window for auto-
focusing systems and salient object detection methods. 
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Fig. 1. Examples of focus regions selected using existing methods. 
 

          
(a)                                                             (b)                                                                (c) 

Fig. 2. Extraction of visual features: (a) intensity, (b) color, and (c) orientation. 
 

2.1 Focusing Region Selection Methods 
Fig. 1 gives examples of various focus regions selected 

by existing methods [3-5]. 
 
i) Central region selection method 
ii) Region selection method based on the edge mask 

and morphological image processing 
iii) Object detection method using multiple windows 

and target selection using fuzzy reasoning 

2.2 Salient Object Detection Methods 
Most existing visual attention approaches are based on 

bottom-up computational frameworks [6, 7], where visual 
attention is meant to be driven by low-level stimuli in the 
scene. Fig. 2 shows some extraction examples of visual 
features, such as intensity, color and orientation. These 
approaches consist of the following three steps. The first 
step is feature extraction in which multiple low-level 
visual features, such as intensity, color, orientation, texture, 
and motion, are extracted from the image at multiple scales. 
The second step is saliency computation. The saliency is 
calculated by a center-surround operation [6], self-
information, or graph-based random walk using multiple 
features. After normalization and linear/nonlinear 
combination, a master map or saliency map is calculated to 
represent the saliency of each image pixel. In the third step, 

a few key locations on the saliency map are identified by 
the winner-take-all, or inhibition-of-return, or other 
nonlinear operations. Recently, a saliency model based on 
low, middle and high-level image features was trained 
using the collected eye tracking data [9]. Although this 
method works well in finding a few fixation locations in 
synthetic and natural images, it fails to accurately detect 
where the salient object should be. 

Fig. 3 gives some examples of figure-ground 
segregation using salient object detection. In general, 
figure-ground segregation methods work with the 
supposition of the category of objects [10, 11] or with 
interactions [12, 13]. If an object is assigned a given 
category, specific features, e.g. for cows, can be defined 
for the object, cow, and these features cannot be adopted 
by other categories. For interactive figure-ground 
segmentation, the appearance model is normally set up, 
where for the salient object detection, there is no such 
appearance model. 

Visual attention is also studied for sequential images, 
where the spatiotemporal cues from the image sequences 
are indicated to be helpful for visual attention detection. 
Fig. 4 shows some examples of saliency maps using low-
level features and motion salient features. For example, 
motion from objects or backgrounds helps indicate the 
salient fixation [14, 15]. Large motion [15] and motion 
contract [14] are meant to induce prominent attention, 
respectively. Normally, the visual saliency from a single 
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Fig. 3. Figure-ground segregation using salient object detection. 
 

 

Fig. 4. Some examples of saliency maps using low-level features and motion salient features. 
 

image is combined with the motion saliency for better 
visual attention detection, and different combination 
strategies were introduced [15]. Video surprising is also 
related, where it describes the KullbackLeibler divergence 
between the prior and posterior distribution of a feature 
map. On the other hand, these visual attention approaches 
suffer from similar shortcomings to the visual attention 
approaches for single images. Automatic object discovery 
[16, 17] deals with a similar salient object detection task 
for sequential images. The objects are extracted and 
tracked using motion-based layer segmentation [18]. 
Moreover, a generative model of objects is adopted, which 
defines the switch variables for combinatorial model 
selection [17]. In reference [17], the unsupervised video 
object discovery combines the topic model and temporal 
model for videos. 

3. Human Visual Attention-Based 
Saliency Detection 

Three assumptions are made when selecting the 
focusing region. i) Although a subject can be located 
anywhere in the entire image, it most likely exists in the 

center of the image. ii) The auto-focusing process uses 
only G in the RGB color space or luminance component to 
reduce the computational complexity. Although more 
contrast accuracy can be obtained by using luminance, in 
most cases, the use of the green component provides 
sufficient contrast information for focusing, noting that the 
green component is the largest contributor to luminance. 
iii) According to the focal length, either the subject or 
background is focused. Selecting a good subject region 
regardless of the focusing status is a condition of the 
optimum result. 

3.1 Characteristics of Local Entropy 
This section describes the proposed entropy-based 

focusing window selection method for estimating the 
subject region regardless of the subject’s position. The 
input image is divided into multiple sub-blocks and the 
local entropy [18] of each block is extracted to analyze the 
saliency. Given a s s×  rectangular block, sΩ , the entropy 
of the block, called local entropy, is defined as 
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where  represents the probability of a gray level, k , in kP

sΩ . Let  be the number of pixels with a level, k  in kn sΩ , 

then . 2/k kP n s=

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

Fig. 5. Local entropy distributions with three different block sizes: (a) an input image and (b)-(d) local entropy 
distributions with block size 64x64, 16x16, 8x8.  

 

 

Fig. 6. Highest local entropy block in a set of test images. 

 

Fig. 7. Proposed salient region detection algorithm.
 

Fig. 5 shows the local entropy distribution with three 
different block sizes, . If a block is small, as 
shown in Fig. 5(c), the edge region has high entropy, 
which appears similar to the intensity contrast. On the 
other hand, local entropy in a large block shown in Fig. 
5(b) does not consider the in change intensity, but 
considers the degree of its complexity [19]. In this case, 
optimal focusing region can be found by extracting the 
subject under the assumption that the subject has higher 
entropy than the background. In Fig. 6, the white blocks 
show the highest local entropy block in a set of test images 
for justifying the assumption. 

{64,16,8}s ∈

3.2 Salient Region Detection Based on 
Human Visual Attention 

This section presents a new focusing region selection 
method using local, line, regional feature maps and center 
priority, as shown in Fig. 7. 

Intensity contrast is the most commonly used local 
feature for bottom-up saliency, and the center-surround is 
modeled after visual receptive fields. Focus-sensitive 
intensity feature is unsuitable for robust Auto-focusing. 

Nevertheless, it is an important feature because the focus 
value is calculated by measuring the sharpness of the edge. 
As mentioned in section 2, the intensity contrast can be 
calculated using entropy, which is extracted as local 
features. Smaller blocks, such as , are used to 
calculate the entropy of local features because of its higher 

{4,8,12}s ∈
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sensitivity to the intensity contrast. After calculating the 
local entropy of block Ω , these three local feature maps 
were combined and normalized as 
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where  represents the normalization operator. To 
promote maps with few strong peaks and suppress maps 
with many comparable peaks, the architecture of the 
normalization operator is as follows 

 
i) Normalization of the map to a range [0, M] 
ii) Compute the average m of all local maxima 
iii) Find the global maximum M 
iv) Multiply the map by 2( )M m−  
 
The focusing region is constantly selected regardless of 

the change in focus. Because a region containing a salient 
object has higher complexity than its surroundings, the 
center-surround entropy is suitable for images with 
distinctive gray levels in the objects and background, as 
shown in Fig. 8. 

 

 

Fig. 8. Example of the optimal center-surround entropy 
region. 

 
Suppose a salient object is enclosed by a rectangular 

region . A contour region, , which surrounds  is 
constructed. The difference between the local entropies of 

 and  are then calculated. The optimal rectangle 

CΩ CΩ SΩ

CΩ SΩ
*( )C xΩ  centered at each pixel x  is found by varying the 

size and aspect ratio as follows: 
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where . The size of rectangle *( ) [0,1]C xΩ ∈ ( )C xΩ  is set 
to {0.33, 0.5, 0.65, 0.75} times the image size, M N× , 
when the aspect ratio is 1.0. The appropriate block size of 
the center-surround entropy is set by proportioning to the 
image size rather than to a fixed block size because the 
subject covers the image region proportional to the image 
size. Five different aspect ratios {0.5, 0.75, 1.0, 1.5, 2.0} 
are used for the flexible focusing regions. Four regional 

center-surround entropy feature maps from each size of Ω  
with normalization are also combined, as follows: 

 
                          (4) ( *

RF = Ω∑ )C

V

 
where . {0.33,0.5,0.65,0.75}C ∈

Subjects, such as people wearing black suits, a white 
car, and flat object without edge are difficult to estimate 
using only intensity contrast or image complexity. The 
variance feature in all of the vertical and horizontal lines of 
image are extracted to find these simple objects. The 
variance between subject and its background is considered 
to be larger when the line contains the saliency object. The 
variance feature is defined as follows: 

 
 ( , ) ( )* ( ),V HF p q Var p Var q=                     (5) 
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According to previous [2, 3], the center priority is an 

important feature for finding the focusing region of the 
image because human photographers tend to place the 
objects of interest in the center of the photographs. In this 
paper, the closeness to the center is used as the global 
feature as follows: 
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where cx  and cy  are the spatial coordinates of the center 
of the image. Fig. 9 shows the center prior indicating the 
distance to the center for each pixel. 
 

 

Fig. 9. The center priority. 
 
Let LF , RF  and VF  be the local, regional, and 

variance feature maps, respectively. The saliency map can 
be obtained by averaging three feature maps and center 
priority as follows: 
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(a) 

 

 
(b) 

 

 
(c) 

Fig. 10. Comparison of the test results obtained with three focusing region selection methods. 
 

   
(a) 

 
(b) 

 
(c) 

 

   
(d) (e) (f) 

Fig. 11. (a) Input images, (b) local intensity contrast feature maps, (c) regional center-surround entropy feature 
maps, (d) line variance feature maps, (e) global center priority maps, and (f) the resulting saliency maps. 

 

4. Experimental Results 

In this experiment, 768x512 images obtained from 31 
focus lens positions were used. Fig. 10 shows the 
difference in performance between the proposed entropy 
based method and other focusing window selection 
methods. The target objects are three dolls in the lower left 
of the image. Background image has white or complex 
wall, respectively. Fig. 10(a) shows the result of the central 
region method. This method cannot find an in-focused lens 
position because there are no high frequency components 

in the central focusing window. Fig. 10(b) shows the 
results of the multi-region method. This method focuses on 
a complex wall, which has many high frequency 
components in the background image. Fig. 10(c) shows 
that the target image with a correctly focused high entropy 
region using the proposed method. 

Five hundred test images collected from standard 
image sets were used to evaluate the performance of the 
proposed saliency detection algorithm. A set of sample 
images are shown in Figs. 11, 12 and 13 with the 
appropriate resizing. Fig. 11(a) shows the input images. 
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(a) 

 
(b) 

 
(c) 

 

   
(d) (e) (f) 

Fig. 12. (a) Input images, (b) local intensity contrast feature maps, (c) regional center-surround entropy feature 
maps, (d) line variance feature maps, (e) global center priority maps, and (f) the resulting saliency maps. 

 

  
(a) 

 

(b) 

 

(c) 

 

  
(d) (e) (f) 

Fig. 13. (a) Input images, (b) local intensity contrast feature maps, (c) regional center-surround entropy feature 
maps, (d) line variance feature maps, (e) global center priority maps, and (f) the resulting saliency maps. 

 

Fig. 11(b) shows the local intensity contrast feature maps, 
which is the result of a combination of three local feature 
maps calculated from different sized blocks. Fig. 11(c) 
shows the regional feature maps using the center-surround 
entropy. Fig. 11(d) shows the line variance feature maps. 

Fig. 11(e) shows global center priority map, and Fig. 11(f) 
shows the resulting saliency maps obtained by a linear 
combination of the three feature maps and priority map. 
Fig. 12 and Fig. 13 summarizes the same experiment using 
a different test image. 
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Fig. 14. Focusing regions estimated using the proposed method (thick white boxes) and the central region
method(thin blue boxes). 

 

As shown in Fig. 14, the proposed method was 
compared with the existing center focusing region 
selection method [2]. The thick white boxes represent the 
focusing regions determined by the proposed method, and 
the thin blue boxes represent those determined using the 
central region method. 

5. Conclusion 

This paper proposed a saliency region detection 
algorithm for robust auto-focusing. The proposed 
algorithm is robust to a change in focus because it uses 
combined local, regional and variance feature maps instead 
of only intensity contrast. The proposed approach was 
optimized for the auto-focusing module in consumer 
cameras by applying global features called the center 
priority. Based on the experimental results, the proposed 

method provided accurately selected subject regions for 
focusing. In addition, the proposed salient region detection 
algorithm has wide application areas including low-cost 
mobile imaging, image compression, and video 
surveillance. Future studies will extend the proposed 
algorithm to a contrast detection auto-focusing (CDAF) 
system. 
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