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Abstract- in many fields image classification been focused only on bio medical datasets, which are often defined as datasets 
that can be easily classification using any methodologies. But there are two main reasons which limit the effectiveness of 
image classification. First, until the emergence of ImageNet dataset, there was almost no publicly available large-scale 
benchmark data for image classification. This is mostly because labels extractions  are expensive to obtain. A key challenge 
is how to achieve efficiency in both feature extraction and classifier training without compromising performance. This paper 
is to show how we address this challenge using Image Net dataset. 
 
 
I. INTRODUCTION 
 
It is needless to say how important of image 
classification/recognition is in the field of computer 
vision – image recognition is essential for bridging 
the huge semantic gap between an image The intent 
of the classification process is to categorize all pixels 
in a digital image into one of several land cover 
classes, or "themes". This categorized data may then 
be used to produce thematic maps of the land cover 
present in an image. Normally, multispectral data are 
used to perform the classification and, indeed, the 
spectral pattern present within the data for each pixel 
is used as the numerical basis for categorization 
(Lillesand and Kiefer, 1994). The objective of image 
classification is to identify and portray, as a unique 
gray level (or color), the features occurring in an 
image in terms of the object or type of land cover 
these features actually represent on the ground. 
 The objective of this work is image classification – 
classifying an image by the object category that it 
contains. This problem has been the subject of many 
recent papers. 
 
II. TEXTURE DESCRIPTION        
 
In recent years, there is a growing consensus that it is 
necessary to build general purpose object recognizers 
that are able to recognize many different classes of 
objects – e.g. this can be very useful for image/video 
tagging and retrieval. 

 
Descriptor selection:  Here we wish to enable 
the classifier to be selective for shape or appearance 
or pyramid level – since some classes may be better 
represented by each of these. For example, airplanes 
by their shape, tiger by its appearance, classes with 
high intra-class variation by lower pyramid levels, 
etc. To combine the features, a test randomly selects 
the descriptor (shape or appearance). This is the same 
as giving weight 1 to one descriptor and weight 0 to 

the others. In both cases only one descriptor is used. 
In a similar manner pyramid levels are selected. A 
test randomly selects a level l, and only the indexes 
corresponding to this level are non-zero in n. 
 
III. HOG BASED SPATIAL PYRAMID  
 
Shape. Local shape is represented by a histogram of 
edge orientations gradients (HOG [9]) within an 
image sub region quantized into K bins. Each bin in 
the histogram represents the number of edges that 
have orientations within a certain angular range. This 
representation can be compared to the traditional 
“bag of (visual) words”, where here each visual word 
is a quantization on edge orientations.  
Again, implementation details are given in section 5. 
Spatial pyramid representation. Using the above 
appearance and shape descriptors together with the 
image spatial layout we obtain two representations: 
(i) a Pyramid Histogram Of visual Words (PHOW) 
descriptor for appearance and (ii) a Pyramid HOG 
(PHOG) descriptor for shape [5, 7].  
 
IV. PROPOSED METHOD 
 
Both features HOG and LBP have been proven 
successful in various vision tasks such as object 
classification, texture analysis and face recognition, 
etc. HOG and LBP are complementary in the sense 
that HOG focuses more on shape information while 
LBP emphasizes texture information within each 
patch.  
 
The advantage of such combination was also reported 
in [11] for human detection task. For images with 
large size, we downsize them to no more than 500 
pixels at either side. Such normalization not only 
considerably reduces computational cost, but more 
importantly, makes the representation more robust to 
scale difference. We used three scales of patch size 
for computing HOG and LBP, namely, 16×16, 24×24 
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and 32×32. The multiple patch sizes provide richer 
coverage of different scales and make the features 
more invariant to scale changes. After extracting 
dense local image descriptors, denoted by z ∈ R d , 
we perform the ‘coding’ and ‘pooling’ steps, as 
shown in Fig. 1, where the coding step encodes each 
local descriptor z via a nonlinear feature mapping into 
a new space, then the pooling step aggregates the 
coding results fallen in a local region into a single 
vector.  
 

 
Fig 1. Proposed scheme 

 

 
Fig 2. Image auto classification functional blocks 

 
V. IMPLEMENTATION RESULTS 
 
We extract multi-scale SIFT descriptors [37] 
(standard pipeline in the BoF model) with cell size 2i 
, i ¼ 1; 2; …, and single scale pixel-wise covariance 
descriptor [12] via the dense sampling strategy with 
step-length 2. The dense covariance descriptors are 
computed with 17 dimensional raw features including 
intensity and four kinds of first-order and second-
order gradients from [7] 

 

Fig 3 HOG formed gradient values for fine detailed 
description. 

 

 
Fig 4 HOG covariance vs. accuracy level measure. 

 
CONCLUSION 
 
In this paper, we observed most accurate form of 
HOG algorithm. But we are still not able to 
quantitatively connect the superior empirical 
performance with existing theoretical analysis, after 
the   focuses is tuned on analyzing the asymptotic 
convergence property of LBP. We will study how 
many training data samples would be needed for LBP 
based HOG to enter its asymptotic convergence 
regime 
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