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Abstract 

 
Local invariant feature based methods have been 

proven to be effective in computer vision for object 
recognition and learning. But for an image, the 
number of points detected and to be matched may be 
very large, or even redundantly represent the shape 
information present. Since selective attention is a 
basic mechanism of the visual system, we explore 
whether there is a subset of salient points that can be 
robustly detected and matched. 

We propose a method to rank the redundant local 
invariant features. The results prove that the top 
ranked points capture the salient information 
effectively. The method can be used as a pre-
processing step for the Bag-of-Feature based 
methods or graph based methods. Here they simplify 
the complexity of the processes, such as training, 
matching and tracking.  

1 INTRODUCTION 

Selective attention is the ubiquitous mechanism 
that regulates the bottleneck between the massively-
parallel world of sensation and the serial world of 
cognition [17]. The first step is low-level visual 
saliency selection. Intuitively, it is possible that the 
initial selection may not be a good indicator of the 
subjectively interesting scene elements. Observers 
may discard the majority of features as uninteresting, 
relying instead on different mechanisms to isolate 
more subjectively interesting locations [17].  

An important question is the order of the selection. 
A visual saliency map model, in which the salient 
points are ranked for visual selection, is developed in 
[14]. Combining the saliency map model and the 
database of LabelMe [12] , they found that the first 
step in locating interesting elements in a scene is 
largely constrained by low-level visual properties and 
is a strong predictor of which regions might be 
interesting to human observers [4].  

Recently local invariant feature extraction[8][10][11] 
(LIFE) methods, such as SIFT, PCA-SIFT, GLOH 
and SURF,  have been proven successful  and widely 
used for object classification [2][3][9], scene 
classification[1][5][6], and video retrieval[7][13].  A 
common draw back of LIFE methods is that too 
many orderless feature points are extracted from each 
image. This results in two problems, one is the 
exhaustive searching for all of the features, and the 
other is that too many false positives are produced. 
The feature selection problem has been widely 
researched for the Bag-of-Features methods [6][7][18] , 
using a holistic database to select a set of 
representative features. The method may be regarded 
as a combination of top-down and bottom-up 
methods to locate the best application-driven features, 
while not directly involving the exhaustive search or 
the false positive problem. 

In this paper, we will focus on using bottom-up 
method to decrease the number of the features for the 
following processing stages. The key idea is that 
since LIFE- points are invariant to scale, illumination, 
rotation, and a small range of view point change, if 
we actively adjust these imaging conditions, the 
robust invariant features should be retained or 
otherwise eliminated.  Motivated by this, we propose 
a method to rank the local invariant features with a 
correspondence to their visual saliency.   

2. Review of the SIFT Algorithm 

According to a recent comprehensive test result 
on large scale database in [9] , SIFT still appears to 
be the most appealing descriptor for practical uses, 
and has become a standard of comparison. However, 
in order to achieve the best possible performance, it 
is necessary to use a combination of several detectors 
and descriptors [9], which will incorporate multi-
complementary features. For simple description, we 
simply experiment with SIFT in the following. 
However we emphasize that our methods could be 
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of matching similarity of the feature points. We 
manually reviewed the correctness of the matching. 

In Figure 6(a), x-axis is the rank order of the 
feature points, and y-axis is the fraction of the 
correctly matching. The * is the FCM corresponding 
to position 1 of Figure 5, the O corresponds to 
position 2, and    the     corresponds to the position 3. 
In Figure 6(b), the + corresponds to   the FCM when 
any one of the matched features in the first three 
position of Figure 5 is correctly matched (denoted as 
Case1-of-3).  And the O corresponds to the FCM 
when at least 2 of the first three matched features are 
correctly matched (denoted as Case 2-of-3). 

 
 
 
 
 
 
 

Figure 5  9 most matched points displayed 
 
 
 
 
 
 
 
 
 

Figure 6 FCM of the first 20 features 
From Figure 6, the FCM decreases with the order 

of the rank. But the average FCM of the first 20 
points is close to 70% in Case 2-of-3 and the average 
FCM is about 80%. For normal SIFT matching, it is 
very hard to manually review the correctness of the 
matching for the orderless mass of SIFT points. 
However a rough estimate of the average FCM is no 
more than 50%, which is also proved in [10]. 

This proves that not all SIFT points are actually 
invariant. Based on our method, a group of most 
robust, invariant and salient feature points can be 
extracted for further modeling.  

5. Conclusions 

In this paper we proposed a method to rank the 
local invariant features which are obtained by SIFT 
of which is easy extend to other LIFE-methods.  

The rank index of the invariant features is of 
some distinct correspondence to the points which are 
of visual saliency.  It is a direct way to select the 
robust and salient features according to the rank, 

which will drastically decrease the complexity of the 
following process, such as the training of the Bag-of-
Features model, the matching of the graph based 
object recognition model and the moving object 
tracking of the template based methods, etc. 
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