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What is an Object 
•  AIM: a generic objectness measure, quantifying how 

likely it is for an image window to contain an object of 
any class 

Distinctive Characteristics: 
•  (a) a well-defined closed boundary in space; 
•  (b) a different appearance from their surroundings 
•  (c) sometimes it is unique within the image and stands 

out as salient 

Sub Presentation
What is	  an	  Object
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Context-Aware Saliency Detection 
•  We propose a new type of saliency – context-aware saliency – which 

aims at detecting the image regions that represent the scene. This 
definition differs from previous definitions whose goal is to either 
identify fixation points or detect the dominant object. 

•  Local-global single-scale saliency 
•  Multi-scale saliency enhancement 
•  Including the immediate context 
•  High-level factors 







AIM 
•  Salient Object Detection 
• Define The Relation Between Objectness and 

Saliency 
•  Improved Saliency and Objectness Results 

Seperately 

•  By coupling visual saliency and generic objectness into a unified 
framework, the proposed approach can not only yield good 
performance of detecting salient objects in a scene but also 
concurrently improve the quality of both the saliency map and the 
objectness estimations. 
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Method 

•  P superpixels and Q potential object windows 
•  Saliency  
• Objectness 

•  Fs includes the energy affected only by saliency 
•  Fo contains the energy affected only by 

objectness 
•        models the interactions between saliency and 

objectness 



Saliency Energy [using 5] 

• Weight of the smoothness term 
•  Set containing the pairs of adjacency superpixels 
• Affinity between superpixels m and n given by : 

•        and       are respectively the RGB values of 
pixels k and l 

•           adjacent pixels pairs accross superpixels m,n 
•  Similar saliency for similar superpixels! 



Objectness Energy [using 3] 

• Weight of the objectness energy 
•  Prior knowledge     about the objectness of each 

window i 

•  However, among other image features, the detector also uses the 
saliency cue. It implies that a direct application of such an objectness 
detector would be inappropriate to our formulation. We exploit the fact 
that the detector is formed by a naive Bayes model where each cue is 
considered independently, and modify it by removing the saliency 
cue in all our experiments. 



Interaction Energy 
•  Definition 1 Given a window i, its object-level saliency 

ci ∈ [0, 1] is said to measure the degree of the 
difference of a specific feature distribution between the 
center (inside the window) and the surround (around 
t h e  w i n d o w )  a r e a s . 

We def ine the area covered by 
superpixels that fall mostly inside a 
g i v e n w i n d o w (≥  8 0 % i n o u r 
experiments) as the center area, and 
the area formed by the neighboring 
superpixels around the center area as 
s u r r o u n d . 
 



•         and        respectively represent the 
distributions of its center and surround areas 

• K-Means (K=20) 

•  x² 0à∞ ; rescale to [0,1] 

K-‐Means
k-‐means	  clustering is	  a	  method	  of cluster analysis which	  aims	  to
partition n	   observations	   into	   k	   clusters	   in	   which	   each	  
observation	  belongs	  to	  the	  cluster	  with	  the	  nearest mean.	  This	  
results	  in	  a	  partitioning	  of	  the	  data	  space	  into Voronoi cells.

http://en.wikipedia.org/wiki/K-‐means_clustering



• Altogether of distributions, a topdown view 
about the saliency of m: 

•        is a (normalized) sum of object-level saliency 
values weighted by their respective objectness 

•  interaction energy: (λ is weight) 



Optimization 

Laplacian Matrix



Experiment 

• Objectness dataset = Liu [14] 
•  Saliency dataset = MIT set (Judd [12]) 

•  10.000 windows 
•  λ↓𝑠  =1/64   (2) 
•  λ↓𝑜  = 1/40  (4) 
•  λ = 16   (8 - interaction) 

•  Intel i7,  30 seconds per image 



Measure 

• Average Precision: the area under the recall-
precision curve 

• mean Average Precision mAP 



Ours-Rect & Ours-SP 
•  Ours-Rect and Ours-SP. They differ in how the center-

surround areas are decided for computing the window-
wise object-level saliency. The former uses a 
conventional center-surround layout based on two 
rectangles, while the latter adopts the superpixel-based 
s c h e m e  d e s c r i b e d  i n  S e c t i o n  3 . 3 . 





X 



PROS - CONS 
• Novel Idea 
▫  Attacking to Correlation between two know 

calculations 
• Wide Range of Use 
•  Fast 
• Easy to Use 
• Object Detection is Better 
• Good Comparision, Easy to Understand 
 
• Not ahead of Learning Based Saliency ! 



CONCLUSION 

• Combination of two major aspects 

• Would you like to use it ? 



• Questions =( 
•  Thanks =) 



Conditional Random Field 
•  Conditional random fields (CRFs) are a probabilistic framework 

for labeling and segmenting structured data, such as 
sequences, trees and lattices. The underlying idea is that of defining 
a conditional probability distribution over label sequences given a 
particular observation sequence, rather than a joint distribution 
over both label and observation sequences. The primary advantage 
of CRFs over hidden Markov models is their conditional nature, 
resulting in the relaxation of the independence assumptions 
required by HMMs in order to ensure tractable inference. 
Additionally, CRFs avoid the label bias problem, a weakness 
exhibited by maximum entropy Markov models (MEMMs) and 
other conditional Markov models based on directed graphical 
models. CRFs outperform both MEMMs and HMMs on a number of 
real-world tasks in many fields, including bioinformatics, 
c o m p u t a t i o n a l l i n g u i s t i c s a n d s p e e c h r e c o g n i t i o n . 

http://www.inference.phy.cam.ac.uk/hmw26/crf/ 


