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Abstract:    Object representation based on local features is a topical subject in the domain of image understanding and computer 
vision. We discuss the defects of global features in present methods and the advantages of local features in object recognition, and 
briefly explore state-of-the-art recognition methods using local features, especially the main approaches of local feature extraction 
and object representation. To clearly explain these methods, the problem of local feature extraction is divided into feature region 
detection, feature region description, and feature space optimization. The main components and merits of these steps are presented. 
Technologies for object presentation are classified into three types: vector space, sliding window, and structure relationship 
models. Future development trends are discussed briefly. 
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1  Introduction 
 

How to recognize objects in images automati-
cally is one of the most exciting and difficult prob-
lems in image processing and pattern recognition. The 
performance of an object recognition system depends 
crucially on two issues: the representation of the ob-
jects, and the classification algorithm adopted. Object 
representation, as a key technology, has a profound 
influence on the selection of the classifier and the 
eventual performance.  

In recent years, many studies have attempted to 
describe objects based on global features. But in most 
cases, obtaining global features of an object in images 
is difficult on account of noise. Noise not only de-

grades parts of an image, but also makes it difficult to 
cover the entire scene of a capturing media. In prac-
tical applications, image targets are commonly ar-
ticulated or occluded. 

Many studies have shown that the human visual 
system can decompose one object into many mean-
ingful small pieces, and identify the classification 
through this local information. Therefore, computer 
vision tasks using local features have attracted much 
attention from the research community. Local features 
are distinctive and insensitive to occlusion, and it is 
unnecessary to segment the objects from the back-
ground. Recent work has concentrated on making 
these new local features invariant to image transfor-
mation and on using them to represent the objects. 

There are four requirements when we use local 
features in these applications. First, the regions 
around the point of interest must be localized in po-
sition and scale. In general, in a scale-space search, 
points of interest will be placed at local peaks and 
then filtered. The preserved points are likely to re-
main stable under transformation. Second, a descrip-
tion of these regions should be built; in an ideal  
condition, the description should be distinctive  
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(reasonably differentiating a region around a point of 
interest), brief, and robust under transformations 
caused by changes in camera pose and lighting. Third, 
for eliminating irrelevant and redundant local features, 
the feature space should be optimized to make the 
design of the classifier simple and to improve pre-
diction performance and computational efficiency. 
Finally, a representation model should be designed 
which can describe objects based on suitable compo- 
nents and distinguish the objects clearly from others. 
 
 

2  Region detectors 
 

In general, the procedures for local feature ex-
traction include region detection and feature descrip-
tion. Many different methods have been proposed for 
detecting and describing local image regions. Com-
pared with the design of classifiers, these techniques 
are more dependent on specific problems and the 
knowledge of the relevant area. Some features should 
be invariant when the scale, noise, or 3D viewpoint is 
changed. 

To compute the descriptors, the detectors present 
the regions, whose sizes rely on the detection scales. 
Detectors use different image measurements and all 
are based on the traversal of image pixels. At present, 
the commonest region detection methods can be 
classified into three categories: dense sampling, 
sparse sampling, and other methods. 

2.1  Dense sampling methods 

The researchers using these methods generally 
consider that all the regions have some role in 
low-level processing for pattern recognition. With 
any loss of detail, the eventual performance may be 
greatly affected. 

Ohba and Ikeuchi (1997) described a method for 
dividing the images into dense non-overlapping ‘Ei-
gen Windows’, with each window regarded as a local 
feature region. Jurie and Triggs (2005) treated each 
pixel of an image as the center of one region, and 
based the representation on densely sampled patches. 
Dalal and Triggs (2005) and Zhu et al. (2006) ob-
tained many feature regions on all pixels and different 
scales of the detection window, and showed that 
dense sampling followed by explicit discriminative 
feature selection achieved the desired effect. Zhang 
LB et al. (2012) classified images using visual words 
based on dense sampling methods. 

Dense sampling methods are always used for 
sliding window models. The advantage is that there is 
no loss of detail, and very rich local information can 
be obtained. But many regions have little useful in-
formation, and may even play a role in interference. 
Feature space optimization should be applied if dense 
sampling methods are to be used in object recognition 
systems. 

2.2  Sparse sampling methods 

In these methods, point detectors provide re-
gions for computing the descriptors. If not stated 
otherwise, the detection scale determines the size of 
the regions. The detection operators mentioned in the 
current literature can be classified into two kinds: 
shape-based and appearance-based detectors. 

Shape-based detectors conform to the shape in-
formation of the images (such as borders, straight 
lines, or arcs) to ascertain the location of points of 
interest and feature regions. They are used mainly to 
determine targets which are easy to distinguish from 
the shape, such as rigid and non-jointed objects. van 
Gool et al. (1996) and Fergus et al. (2005) detected 
points of interest by analyzing the image edge in-
formation. They discussed approaches for imple-
menting first- and second-order digital derivatives for 
the detection of edges in an image, such as the Sobel, 
Prewitt, Laplacian, Laplacian of a Gaussian (LoG), 
and Canny operators. For each image, Berg et al. 
(2005) extracted sparse oriented edge maps and 
computed features at locations which have high edge 
energy. Intuitively, corners are a kind of useful point 
of interest and the features based on them can provide 
good results in image understanding and target rec-
ognition (Cao et al., 2011b; 2011c). 

Appearance-based detectors search for some 
kind of stable and invariant points or regions in the 
grayscale mode of images. Harris-Laplace regions 
(Mikolajczyk and Schmid, 2001) are corner-like 
structures, in which points are detected based on a 
scale-adapted Harris function and selected in 
scale-space using an LoG operator. Hessian-Laplace 
regions (Mikolajczyk et al., 2005a) are determined in 
space at the local maxima of the Hessian determinant 
and in scale in the same way as Harris-Laplace de-
tectors. Harris- and Hessian-Affine regions (Miko-
lajczyk and Schmid, 2004) show fine effects in con-
sideration of affine image transformation. Difference- 
of-Gaussians (DoG) regions (Lowe, 2004) are robust 
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to rotation and scale changes, and a detector based on 
such regions is suitable for finding blob-like struc-
tures. The points are local scale-space maxima of the 
DoG. By adopting entropy over local intensity histo-
grams, a salient region (SalReg) detector identifies 
local image regions that are non-predictable across 
scales (Kadir et al., 2004). The maximally stable 
extremal regions (MSER) technique applies a wa-
tershed-like segmentation algorithm to a target image 
and can be seen as components of connected pixels. 
The average x and y pixel locations are computed to 
obtain the position of the regions (Matas et al., 2004).  

The number of regions obtained by sparse sam-
pling methods is always between 200 and 300. There 
are far fewer points of interest than in the pixels of the 
original images. So, the next process can be greatly 
accelerated and the workload of feature optimization 
can be reduced appropriately. But most region de-
tectors are related to the characteristics of the image. 
When applied to a common object recognition system, 
there may be some limitations in this step. 

2.3  Other methods 

In comparison with the detectors described 
above, Nowak et al. (2006) found that random sam-
pling gives equal or better classifiers. Although 
complicated multi-scale detectors work well for small 
numbers of samples, the single most important factor 
affecting performance is the number of patches sam-
pled from the test image. The detectors above cannot 
provide enough patches for the next step in image 
processing. Moosmann et al. (2008) described how to 
select the image block dynamically and the methods 
of extremely randomized clustering forests (ERC- 
Forests). Experiments showed that their performance 
is satisfactory.   

The dense sampling, sparse sampling, and other 
methods are all based on scanning, analyzing, and 
computing whole input images. The differences are 
that dense sampling methods can obtain very rich 
local information and aggravate the burden of feature 
space optimization. Random sampling methods re-
quire a large number of samples in the training set. 
Sparse sampling methods, such as Harris-Laplace and 
DoG detectors, are currently widely used in a variety 
of image understanding and object classification 
systems. However, the effect of each sparse sampling 
method often depends greatly on the characteristics of 
the objects and the background of the images. 

3  Local feature descriptors 
 

After the regions have been detected by methods 
such as those discussed above, the resulting aggregate 
of pixels usually is represented and described in a 
form suitable for further computer processing. In 
general, representing a region involves two choices: 
(1) the region can be represented in terms of its ex-
ternal characteristics (its boundary), or (2) it can be 
represented in terms of its internal characteristics (the 
pixels comprising the region). For scale and affine 
invariance, all the regions are mapped to a circular 
region of constant radius. Obviously, using the ex-
ternal characteristics we could not distinguish one 
normalized region from another. Thus, the important 
task is to describe the region based on its internal 
characteristics. 

Feature vectors are always used in practice to 
describe local information of the regions. They are 
designed to capture perceptually meaningful distinc-
tions and provide good resistance to extraneous de-
tails, such as changes in illumination. From the  
perspective of techniques and applications, local 
feature descriptors can be classified into three  
kinds: distribution-based, spatial-frequency, and other 
descriptors.  

3.1  Distribution-based descriptors 

These descriptors represent different character-
istics of appearance or shape by means of histograms. 
One of the simplest approaches is to use statistical 
moments of the region-based gray-level histogram to 
describe texture. An intensity domain spin image (SI) 
is a 2D histogram that encodes the distribution of 
brightness values in an affine-normalized patch. 
Lazebnik et al. (2003) introduced a texture represen-
tation which is suitable for recognizing objects of 
textured surfaces using SI. As an illumination in-
variant descriptor, the local binary pattern (LBP) 
texture has been proven according to the analysis of a 
physical model of moving shadows, and the character 
of LBP texture can be utilized for shadow detection in 
different scenes (Cao et al., 2011a; Pan et al., 2011). 

Lowe (2004) proposed a scale invariant feature 
transform (SIFT) descriptor which is a 3D histogram 
of gradient locations and orientations. The resulting 
descriptor is insensitive to small geometric distortions 
and small errors when detecting the region. Based on 
the fact that computation in the construction of a SIFT 
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descriptor is very complex, Zeng and Gu (2012) in-
troduced a strategy in which the dominant orientation 
of pixel gray gradients is computed in a circular re-
gion, and then the circular region is partitioned into 
eight identical sector areas starting from the dominant 
orientation. This method can increase the average 
matching speed significantly, even if there is affine 
distortion, defocusing, rotation, scaling, or illumina-
tion variation in the images.  

Gradient location-orientation histogram (GLOH) 
(Mikolajczyk and Schmid, 2005) and PCA-SIFT (Ke 
and Sukthankar, 2004) descriptors are both extensions 
of the SIFT descriptor. Principal component analysis 
(PCA) is used to reduce the dimensions and the vec-
tors of an image gradient, which are computed within 
the support regions as in SIFT. Geometric histogram 
and shape context implement the same idea, and 
compute a histogram describing the edge distribution 
in a region. So, both methods have been successfully 
used in shape analysis of drawings because edges are 
reliable features in such images. A shape-token is 
constructed by pairing a reference shape primitive to 
its neighboring primitive, and the shape primitives are 
composed of line segments and ellipses. Chia et al. 
(2012) proposed the contour features of shape-tokens, 
and discussed how to describe and match them at a 
single scale or across multiple scales. The SURF 
descriptor (Bay et al., 2008) is based on similar 
properties and obtained from a square region snap to 
the selected orientation. In a state-of-the-art approach, 
a vocabulary of 3D visual words was produced by 
quantizing 3D SURF local descriptors (Redondo- 
Cabrera et al., 2012), which were computed on partial 
3D shapes extracted from the point clouds. 

3.2  Spatial-frequency descriptors 

Many descriptors are based on the frequency 
content of an image. The image content can be de-
composed into the basis functions by Fourier trans-
form. It is difficult to adapt to a local approach, be-
cause the spatial relations between points are not 
explicit and the basis functions are infinite. The Ga-
bor transform can solve these problems. However, 
many Gabor filters have been used to capture small 
changes in frequency and orientation. Choi et al. 
(2012) proposed color local Gabor wavelets (CLGWs) 
which are able to exploit the discriminative informa-
tion derived from spatiochromatic texture patterns of 

different spectral channels. This color local texture 
feature has been used for face recognition. Gabor 
filters and wavelets are often used in the fields of 
texture analysis and categorization. 

From a mathematical viewpoint, images are 2D 
arrays of intensity values with locally varying statis-
tics that result from different combinations of abrupt 
features, like edges and contrasting homogeneous 
regions. Wavelet transforms are based on small waves 
which are of varying frequency and limited duration. 
This allows them to provide the equivalent of a mu-
sical score for an image, unlike the Fourier transform. 
Papageorgiou and Poggio (2000), Mohan et al. (2001), 
and Viola and Jones (2004) described image regions 
using Harr wavelets in the frequency domain, and 
presented algorithms for object detection combined 
with kernel methods. 

3.3  Other descriptors 

A series of image derivatives computed up to a 
given order approximates a point neighborhood. 
Complex filters are the differential descriptors de-
rived from the family K(x, y, θ)=f(x, y)eiθ, where θ is 
the orientation. For function f(x, y), Baumberg (2000) 
used Gaussian derivatives, and Schaffalitzky and 
Zisserman (2002) applied a polynomial. Generalized 
moment invariants have been introduced by van Gool 
et al. (1996), for describing the multispectral nature of 
image data. The invariants combine central moments 

defined by  ( , ) d d
aa p q

pqM x y I x y x y


   of order 

p+q and degree a. The moments characterize shape 
and intensity distribution in a region Ω. They are 
independent and can be easily computed for any order 
and degree. However, the moments of high order and 
degree are sensitive to small geometric and photo-
metric distortions. Computing the invariants reduces 
the number of dimensions.  

A new descriptor, called illumination invariant 
multiscale autoconvolution (MSA) moments, was 
proposed by Ding et al. (2012). It performs very well 
under strong non-affine transformation in 3D object 
recognition tasks. Chen and Gleason (2012) devel-
oped a new set of invariant moments based on the 
ridgelet function, which is good at capturing line 
features in a pattern image. These descriptors are 
therefore more suitable for color images where the 
invariants can be computed for each color channel 
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and between the channels. 
With advances in technology, a large number of 

descriptors for local features have been proposed. 
Each descriptor can perform well in a certain suitable 
area, and their characteristics are not closely related to 
the detection methods. Overall, SIFT and GLOH 
descriptors are among the best for accuracy and con-
sistency. SIFT is significantly faster than GLOH and 
others, which is important for real time machine vi-
sion applications. The shape context descriptor has 
been successfully used in shape analysis of drawings 
in which edges are reliable features, but rarely used in 
the classification of texture images and non-rigid 
objects. Generalized moment invariants and complex 
filters perform better than other low-dimensional 
descriptors in practical applications.   

 
 

4  Feature space optimization 
 

Intuitively, more local features mean more dis-
criminative power in object recognition. However, 
this is not always true in practice. Many features 
might be irrelevant and possibly detrimental to clas-
sification. Meanwhile, there is much redundancy 
among features (Yu and Liu, 2004). Irrelevant and 
redundant features always slow down the learning 
algorithm and cause it to overfit the training data. The 
elimination of such features, could not only simplify 
the design of the classifier, but also improve its pre-
diction performance and computational efficiency. 

Many researchers start facing the problems of 
learning algorithms with high-dimensional data sets. 
The algorithms can be divided into two categories: 
feature selection and feature transform. 

4.1  Feature selection 

Feature selection methods aim to select a subset 
of relevant features to achieve similar or even better 
results in object recognition than using the original 
feature set. Existing feature selection algorithms can 
be divided into four categories: filter, wrapper, em-
bedded, and mixture approaches.  

Unlike filter approaches, which are arguably less 
expensive to compute and more general, wrapper 
approaches use a learning algorithm in the evaluation 
procedure and achieve better results. Relief is a 
popular selection method that filters out irrelevant 

features based on the nearest neighbor approach. 
Recursive feature elimination support vector machine 
(RFE-SVM) is a widespread method which selects 
useful features while training the SVM classifier 
(Guyon et al., 2002). The genetic programming 
relevance measure (GPRM) has been used by 
Neshatian and Zhang (2009) for evaluating and 
ranking subsets of features in binary classification 
tasks. GPRM is efficient in terms of feature selection. 

Feature selection based on some elements of 
information theory (Agarwal et al., 2004; Jurie and 
Triggs, 2005; Mikolajczyk et al., 2005b) is a hot spot 
in recent research, such as image frequency, term 
strength, χ2 statistics, information gain (IG), and 
mutual information (MI). Liu et al. (2009) proposed a 
new feature selection algorithm based on dynamic 
mutual information, which is estimated only on unla-
beled instances. A correlation-based method was 
proposed by Yu and Liu (2004) for relevance and 
redundancy analysis. By comparison with other rep-
resentative methods, it conducts an empirical study of 
its efficiency and effectiveness. Javed et al. (2012) 
developed a new feature selection algorithm, called 
class-dependent density-based feature elimination 
(CDFE), which uses a classifier for the selection of 
the final subset instead of a threshold value provided 
by the users. 

4.2  Feature transform 

Feature transform methods are intended to pro-
duce a new set of features from the original features 
by means of combination or transformation tech-
nologies. PCA, independent component analysis 
(ICA), and linear discriminant analysis (LDA) are 
three renowned linear algorithms, which have been 
widely used, because they are simple and effective.  

PCA (Shlens, 2009) picks the directions that 
maximize feature variance, and therefore describes 
the ‘most important’ changes in the data. The goal of 
ICA (Hyvarinen and Oja, 2000) is to find a linear 
representation of non-Gaussian data to ensure that the 
components are statistically independent, or as inde-
pendent as possible. This kind of representation ap-
pears to capture the essential structure of the data in 
local feature extraction. Unlike PCA, LDA (Dai and 
Yuen, 2003; Yang and Yang, 2003) uses class labels 
for searching the directions along which to separate 
the class means relative to the sum of the class  
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variances. LDA maximizes the ratio of between-class 
scatter to within-class scatter. Visually, lower dimen-
sional descriptions of the data obtained can push the 
class members together, and pull the members of 
different classes apart. 

Nonlinear feature transform algorithms include 
Isomap (Geng et al., 2005) and locally linear em-
bedding (LLE) (Saul and Roweis, 2003). Almost all 
of the linear methods can be extended to the kernel 
space, based on which the kernel Fisher discriminant 
analysis (FDA), kernel locality preserving projections 
(LPP), and kernel direct LDA algorithms were pro-
posed. 2D-PCA (Yang et al., 2004) and 2D-LDA 
(Yang et al., 2005) use 2D image matrices rather than 
1D vectors. In feature extraction, we need not trans-
form the image matrix into a vector in advance. In-
stead, we use the original image matrices to directly 
construct an image covariance matrix.  

Feature spaces are usually designed to capture 
perceptually meaningful distinctions while providing 
good resistance to extraneous details, such as features 
with interferential information. In a properly chosen 
representation method, the distances in the feature 
space appear to coincide approximately with distin-
guishability concerning perceptual ‘noise’. Because 
coding dense regions more finely is wasteful, a per-
ceptually efficient coding should have approximately 
uniform cell size, or at least actualize a lower bound 
on the cell size.  

All feature space optimization algorithms aim to 
obtain a small number of features to give similar or 
even better recognition results than the original fea-
tures. Feature selection methods are often used in 
conjunction with feature transform (Li et al., 2012). 
For example, we can first pick a subset of the original 
features, and then transform this subset in the next 
steps. In recent years, many optimization algorithms 
(Hancock and Mamitsuka, 2012; He et al., 2012; 
Zhang LJ et al., 2012) for feature space have been 
proposed, and most of them have been used in object 
detection or classification. 

 
 

5  Representation model 
 

Three common pattern arrangements are used in 
practice: vectors (for quantitative descriptions), 
strings, and trees (for structural descriptions). Once 

the objects or images have been described based on 
local features using these pattern arrangements, the 
complex problems of generic visual recognition can 
be reduced to multi-class supervised learning in pat-
tern recognition fields. Then classifiers such as Naïve 
Bayes, neural network, and support vector machine 
begin to carry out two separate steps, training and 
testing, to ensure the classification of unlabeled  
objects.  

An ideal object representation method should be 
able to choose suitable components to describe the 
contents of one object. It should also have the ability 
to distinguish easily one object from another. Object 
representation methods based on local features can be 
classified into three kinds: vector space models 
(VSM), sliding window models (SWM), and structure 
relationship models (SRM). 

5.1  Vector space models 

VSM was proposed by Salton et al. (1975) and 
has been widely used for text categorization (Cristi-
anini et al., 2002; Tong and Koller, 2002). Recently, 
researchers wanted to adapt this text categorization 
approach to visual recognition, and renamed it bag- 
of-words (Nakayama et al., 2010), codebook (Jurie 
and Triggs, 2005), or visual vocabulary (Perronnin 
and Dance, 2007). 

The vocabulary should be large enough to dis-
tinguish relevant changes in image parts, but not so 
large as to distinguish irrelevant variations such as 
noise. In visual recognition, ‘words’ does not neces-
sarily have a repeatable meaning such as ‘noses’ or 
‘wings’, nor is there an evident best choice of 
bag-of-words. There are two ways of extracting fea-
ture vectors of the images from the visual vocabulary: 
histograms and binary indicator vectors. In histo-
grams, the feature vector is simply the normalized 
histogram (scaled to total sum 1) of occurrence counts 
for the different visual words. However, for indicator 
vectors, each component is 1 if one region with the 
visual word occurs in the target image, and is 0  
otherwise.  

Mikolajczyk et al. (2006) used a generative 
model to recognize and locate multiple object classes 
simultaneously. A codebook representation was pre-
sented in this method in which appearance clusters 
based on edge features were shared among several 
target classes. Wang et al. (2012) proposed a visual 
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word soft-histogram for image object representation 
based on statistical modeling and discriminative 
learning of visual words. Fernando et al. (2012) 
proposed a new logistic regression-based fusion al-
gorithm, called LRFF, which capitalizes on different 
cues without being tied to any of them. Meanwhile, 
they projected a new marginalized kernel by means of 
the output from the regression model. 

Despite the fact that VSM captures only local 
statistics and ignores geometric relationships, meth-
ods based on VSM perform surprisingly well. They 
are elastic and quite easy to build. They can capture a 
great proportion of the complex statistics of the im-
ages and target classes in a convenient local mode, 
and they are robust to partial occlusions, geometric 
deformations, and illumination changes. 

5.2  Sliding window models 

In SWM, image objects are represented using 
components based on visual words, together with 
spatial relation scanning among the components 
(Agarwal et al., 2004). If we have trained a classifier 
to have the ability to distinguish the images between 
positive and negative, the target objects can be de-
tected by moving a sliding window over the image 
and classifying each window as positive or negative. 
However, because of the invariance of the classifier to 
slight changes in a target, several windows in the 
vicinity of the target in the image will be classified as 
positive. This will induce multiple detections for only 
one target. 

Dalal and Triggs (2005) and Zhu et al. (2006) 
applied SWM to detect pedestrians in images, and the 
detection results demonstrated that this strategy can 
achieve good results in practical applications. Zhang 
LB et al. (2012) investigated the potential strength of 
the relative position information of visual words and 
proposed a new kind of representation named bag-of- 
phrases. Bilen et al. (2012) considered localization, in 
the form of a window, as a latent variable that is learnt 
jointly with other classification model parameters. 
This framework generalizes feature localization using 
multiple cues, which is beneficial for classification. 
Chen et al. (2012) proposed a generalized hierarchical 
matching (GHM) framework based on an SWM for 
object classification. The methods based on this 
flexible and general scheme can take advantage of 
any useful side information in the pattern recognition 

framework. 

5.3  Structure relationship models 

Some technologies match the targets based on a 
cost value for the deformation needed to transform a 
prototypical model to coincide with the object. Active 
appearance models (Belongie et al., 2002) use two 
steps: first, deform the target to a mean shape, and 
second, estimate the combined modes of variation of 
the concatenated shape and texture models. If this 
algorithm is initialized with a close estimate of the 
target’s location and size, a remarkably good per-
formance can be obtained within a few iterations, 
even for deformable objects.  

Weber et al. (2000) obtained the assembly of 
object parts by modeling their joint spatial probability 
distribution. This scheme has been extended to 
scale-invariant object parts and the modified result is 
called the constellation model (Fergus et al., 2005). 
This has been successfully demonstrated with several 
image categories. Initially, it modeled the relative part 
locations based on a fully connected graph. In later 
versions, a simpler star topology was used, instead of 
the fully-connected graph, which can cope with many 
more parts using efficient inference algorithms. 

The model of Agarwal et al. (2004) learns the 
spatial configurations between pairs of object parts on 
the basis of a classifier. Nevertheless, the learning 
algorithm needs a large number of training examples 
and the repeated observation of occurrences between 
the same parts in similar spatial relations. Leibe et al. 
(2008) presented the implicit shape model (ISM). 
This model combines a lot of automatically selected 
parts detected by a point of interest operator flexibly 
based on a star topology.  

These three models are used for object repre-
sentation and are suitable for different applications. 
VSM aims to obtain a histogram on the basis of the 
occurrences of particular target patterns in a given 
image. This model has advantages such as simplicity, 
computational efficiency, and invariance to affine 
transformations, even when local occlusion, lighting, 
and intra-class variations occur. SWM performs well 
on a training set which is large in scale and with 
densely sampled regions. Object recognition based on 
this model is always in conjunction with multi- 
resolution analysis and adaboost technologies. SRM 
captures structure relationships of the object parts, 
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and is useful for its expansiveness. As many tech-
nologies of pattern recognition can be used in SRM, 
this model is able to play an even greater role in object 
detection and segmentation. 

 
 
6  Conclusions 
 

Local features computed on regions of interest 
have proven to be very successful in real-world ap-
plications such as wide baseline matching, image 
retrieval, building panoramas, machine vision, video 
data mining, and texture classification. They are 
characteristic, effective to occlusion, relatively in-
sensitive to changes in viewpoint, and not based on 
segmentation of the whole target from the back-
ground. Recently, remarkable progress has been made 
in object representation on the basis of local features. 
Meanwhile, several robust algorithms have been de-
veloped for recognizing targets in real time in simple 
scenes. Nevertheless, it can be seen from the literature 
reviewed in this survey that many assumptions have 
been used to simplify the recognition problem, such 
as high contrast between the background and fore-
ground, few local occlusions, and constant illumina-
tion. These conditions are scarcely possible in many 
real scenes and render the methods useless for many 
applications. Object recognition and associated 
problems of feature extraction, feature space optimi-
zation, and object representation are active fields of 
research and new solutions are continuously being put 
forward. 

One challenge in object representation is how to 
integrate multiple cues and combine several local 
features for multi-category discrimination (Chen et 
al., 2012; Chia et al., 2012). Another direction for 
future research is to describe the object based on 
global features in conjunction with local features 
(Bilen et al., 2012). It can be advantageous to work on 
several rescaled versions of the image, owing to high 
computational efficiency. Finally, in a number of 
practical applications, the image targets should be 
described and recognized from multiple viewpoints. 
We can obtain 2D views of a 3D model in different 
view regions, and use these projections to simulate 
the images of the target with various poses or changes 
in 3D viewpoint (Cao et al., 2011b). Overall, we sup-
pose that whenever possible, full use should be made 

of additional information, especially prior and con-
textual information, to coordinate the descriptor and 
the classifier with the particular scene used.  

In this paper, we have presented an extensive 
survey of object representation methods based on 
local features and given a brief review of related 
topics. We believe that this survey of object repre-
sentation based on local features with an extensive 
literature review, can give valuable insights into this 
important research topic and encourage new research. 
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