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ABSTRACT 

Spatial region hybrid matching (SRHM) has been commonly used to compare the two 

similarities of images in computer vision and image processing. Although comparing the two 

images, SPM (Spatial Pyramid Matching) is not perfectly compare the images, assume that: the 

same image will appear in similar location from same category. However, this is the drawback of 

existing system. To overcome this disadvantage, the proposed Spatial Region Hybrid Matching 

(SRHM) is used to compare two images. It is the most flexible image similarity method; it will 

overcome the SPM problem. SRHM is to improve the mis-matching problem in SPM. Here 

SRHM (Spatial Region Hybrid Matching) consider and compare all spatial pairs and its 

relationship between of two images. It proposed two learning strategies in image classification, 

which is hundred times faster than existing method. In both training and testing.  
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1. INTORDUCTION 

Spatial pyramid matching 

Spatial pyramid matching (SPM) has been extensively used in computer vision harms to 

compute the comparison of two images, achieving state-of-the-art recital in a range of 

applications. In SPM, an image is divided into N spatial non-overlapping or overlapping regions 

at different spatial levels, which form the spatial pyramid (SP). Then, each region is represented 

by a histogram of visual secret word using the bag-of-visual-words (BOV) model or other 

features. SPM was originally proposed to evaluate corresponding spatial local regions in two 

images (that is, regions at the same relative spatial location in two images). It implicitly assumes 
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that regions at the same spatial location in two images from the same category are similar. This 

implicit assumption is also inherited by most variants of SPM.  

Region in an image is assigned a learned weight (i.e., spatial saliency), and the similarity of two 

images is the sum of similarities of all weighted spatially corresponding regions. The authors 

used receptive fields, which are combinations of basic spatial regions, to provide more features 

in their image representation. Then, the image similarity is the sum of similarities of all spatially 

corresponding receptive fields. There are several algorithms that can calculate an image 

fingerprint. Some were based on heuristics while others had a solid mathematical backing. Here 

is a rundown of some of the techniques and tools I came across while researching this topic. The 

simplest of these fingerprinting techniques is using color histograms. Essentially a color 

histogram will capture the color distribution of the image. By comparing the normalized color 

histogram of images the system can see if the color distributions match. The basic idea was to 

filter out high frequencies in an image and just keep the low frequencies. With pictures, high 

frequencies give you detail, while low frequencies shows the structure. A large, detailed picture 

has lots of high frequencies. 

A very small picture lacks details, so it is all low frequencies. The first is a standard approach in 

computer vision, key point matching. This may require some background knowledge to 

implement, and can be slow. The second method uses only elementary image processing, and is 

potentially faster than the first approach, and is straightforward to implement. However, what it 

gains in understandability, it lacks in robustness -- matching fails on scaled, rotated, or 

discolored images. The third method is both fast and robust, but is potentially the hardest to 

implement. 

Spatial pixel coordinates Calculation  

Traditional approaches for content-based image querying typically compute a single signature 

for each image based on color histograms, texture, and wavelet transforms etc., and return as the 

query result, images whose signatures are closest to the signature of the query image. Therefore, 

most traditional methods break down when images contain similar objects that are scaled 

differently or at different locations, or only certain regions of the image match. The system 

propose SPCC (spatial pixel coordinates Calculation), a novel similarity retrieval algorithm 

that is robust to scaling and translation of objects within an image. SPCC employs a novel 

similarity model in which each image is first decomposed into its regions, and the similarity 

measure between a pair of images is then defined to be the fraction of the area of the two images 

covered by matching regions from the images.  

In order to extract regions for an image, SPCC considers sliding windows of varying sizes and 

then clusters them based on the proximity of their signatures. An efficient dynamic programming 

algorithm is used to compute wavelet-based signatures for the sliding windows. Experimental 

results on real-life data sets corroborate the effectiveness of SPCC's similarity model that 

performs similarity matching at a region rather than an image granularity. 

It allows for multi-resolution matching of two collections of features in a high-dimensional 

appearance space, but discards all spatial information. Another problem with this approach is 
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that the quality of the approximation to the optimal partial match provided by the hybrid kernel 

degrades linearly with the dimension of the feature space, which means that the kernel is not 

effective for matching high-dimensional features such as SIFT descriptors. To overcome these 

shortcomings, the system proposes instead to perform hybrid matching in the two-dimensional 

image space, and use standard vector quantization techniques in the feature space. Specifically, 

the system quantize all feature vectors into M discrete types, and make the simplifying 

assumption that only features of the same type can be matched to one another.  

 

2. RELATED WORK 

The most existing problem of recognizing the semantic category of an image matching is to 

classify a photograph as depicting a scene (forest, street, office, etc.) or as containing a certain 

object of interest. For such whole-image categorization tasks, bag-of features methods, which 

represent an image as an order less collection of local features, have recently demonstrated 

impressive levels of performance [7].  

However, because these methods disregard all information about the spatial layout of the 

features, they have severely limited descriptive ability. In particular, they are incapable of 

capturing shape or of segmenting an object from its background. Unfortunately, overcoming 

these limitations to build effective structural object descriptions has proven to be quite 

challenging, especially when the recognition system must be made to work in the presence of 

heavy clutter, occlusion, or large viewpoint changes.  

Approaches based on generative part models [3, 5] and geometric correspondence research [1] 

achieves robustness at significant computational expense. A more efficient approach is to 

augment a basic bag-of-features representation with pairwise relations between neighboring local 

features, but existing implementations of this idea have yielded inconclusive results. One other 

strategy for increasing robustness to geometric deformations is to increase the level of invariance 

of local features (e.g., by using affine-invariant detectors), but a recent large-scale evaluation 

suggests that this strategy usually does not pay off. 

Previous research has shown that statistical properties of the scene considered in a holistic 

fashion, without any analysis of its constituent objects, yield a rich set of cues to its semantic 

category . Our own experiments confirm that global representations can be surprisingly effective 

not only for identifying the overall scene, but also for categorizing images as containing specific 

objects, even when these objects are embedded in heavy clutter and vary significantly in pose 

and appearance. This said, we do not advocate the direct use of a global method for object 

recognition (except for very restricted sorts of imagery). Instead, envision a subordinate role for 

this method. It may be used to capture the “gist” of an image  and to inform the subsequent 

search for specific objects (e.g., if the image, based on its global description, is likely to be a 

highway, we have a high probability of finding a car, but not a toaster). In addition, the 

simplicity and efficiency of our method, in combination with its tendency to yield unexpectedly 

high recognition rates on challenging data, could make it a good baseline for “calibrating” new 

datasets and for evaluating more sophisticated recognition approaches. 
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In computer vision, histograms have a long history as a method for image description. 

Koenderink and Van Doorn [10] have generalized histograms to locally order less images, or 

histogram-valued scale spaces (i.e., for each Gaussian aperture at a given location and scale, the 

locally order less image returns the histogram of image features aggregated over that aperture).  

Our spatial pyramid approach can be thought of as an alternative formulation of a locally order 

less image, where instead of a Gaussian scale space of apertures, we define a fixed hierarchy of 

rectangular windows.  

Koenderink and Van Doorn have argued persuasively that locally order less images play an 

important role in visual perception. Our retrieval experiments confirm that spatial pyramids can 

capture perceptually salient features and suggest that “locally order less matching” may be a 

powerful mechanism for estimating overall perceptual similarity between images. 

 It is important to contrast our proposed approach with multi resolution histograms [8], which 

involve repeatedly sub sampling an image and computing a global histogram of pixel values at 

each new level. In other words, a multi resolution histogram varies the resolution, at which the 

features (intensity values) are computed,  

But the histogram resolution (intensity scale) stays fixed. We take the opposite approach of 

fixing the resolution at which the features are computed, but varying the spatial resolution at 

which they are aggregated. This results in a higher-dimensional representation that preserves 

more information (e.g., an image consisting of thin black and white stripes would retain two 

modes at every level of a spatial pyramid, whereas it would become indistinguishable from a 

uniformly gray image at all but the finest levels of a multiresolution histogram). Finally, unlike a 

multiresolution histogram, a spatial pyramid, when equipped with an appropriate kernel, can be 

used for approximate geometric matching. 

While exact NN can provide a competitive accuracy when compared to SVMs, it is difficult to 

scale to large datasets. On the other hand, approximate nearest neighbor (ANN) can 

performpoorly on high-dimensional image descriptors (significantly worse than one SVMs) 

while still being much more computationally intensive.  

For these reasons, the vast majority of the literature on large-scale image classification has 

employed large-margin classifiers. A fair amount of work has been devoted to scaling the 

learning algorithms to large datasets. An explicit mapping of the image descriptors to efficiently 

deal with non-linear kernels was proposed in.  

Torresaniet al.  Used compact binary attribute descriptors to handle a large number of images. 

S´anchez and Perronnin argued that high-dimensional image descriptors are necessary to obtain 

state-of-the-art results in large-scale classification and proposed to combine image descriptor 

compression with learning based on stochastic gradient descent. We underline that in most 

previous works tackling large-scale datasets, the objective function which is optimized is always 

the same: one binary SVM is learned per class in a one-vs-rest fashion.  

One of the strategies offer several advantages, for a defense of such strategies. One noticeable 

exception to this rule is the large-scale ranking algorithm of Weston et al. inspired by. In their 

work, Weston et al. report on a subset of 15K Image Net categories a significant increase of 
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accuracy when optimizing a ranking objective function compared to one one-vs-rest: from 2.27% 

top-1 accuracy to 4.25%. We included this ranking algorithm in our benchmark.  

3. PROPOSED SCHEME 

Spatial region hybrid matching (SRHM) has been implemented in two efficient steps 

for spatial pixel coordinates Calculation (SPCC) and Pixel Mismatch Detection (PMD) 

learning and prediction: spectral linearization and gradient approximation. In spectral 

linearization, the learning is explicitly transformed into an approximate linear learning problem, 

and any linear SVM solver can be applied to solve it. In the gradient approximation strategy, the 

gradient of a dual SPCC, PMD objective is directly approximated by polynomial regression.  

 

 
 

 

PMD is proposed to alleviate the mismatching in SPCC, which is caused by considering only 

corresponding spatial regions in many images for learning and training. It evaluates all spatial 

region pairs, which provides a better similarity metric than spatial hybrid matching. It also 

proposes hyper pixel coordinates HPC if linear classifiers are preferred. HPC consistently 

improves classification results, with almost no increase in storage cost. 

 

4. SYSTEM MODEL  

4.1 Image Segmentation 

An image is the collection of data that represents the pixels and the colors to show an image. 

Each pixel is represented by the RGB values. In this image segmentation module, image is read 

by the software and divides into various segments. Each segment has the collection of pixel 

gradients. Every segment is identified by its position in the image and its image  
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Figure 4.1 Image Segmentation 

representation. Every segment is send to the next spatial region coordinates classifier. 

4.2 Spatial Region Coordinates Classifier 

It will read segmented image from the previous module. Also the actual image is also get 

segmented. The pixel range in the segment gets calculated. The coordinates for the pixel is taken 

in consideration. The coordinates are placed under a group. As the pixel represents the 

coordinates and the image it can be easily used to compare two images. The pixels are taken as 

the matrix representation. 

 
Figure 4.2 Spatial Region Coordinates Classifier 

 Having the pixels as matrix order is easy to calculate the relative values. In the gradient 

approximation strategy, the gradient of a dual SPCC, PMD objective is directly approximated by 

polynomial regression. 

 

5. PROBLEM STATEMENT 

Low complexity image compression algorithms are necessary for modern portable devices such 

as mobile phones, wireless sensor networks and high constraint power consumption devices. In 

such applications low bit rate along with an acceptable image quality are an essential 

requirements. Two algorithms will be presented; the first one is intensity based adaptive 

quantization coding, while the second is a combination of discrete wavelet transforms and the 

intensity based adaptive quantization coding algorithm. Adaptive quantization coding produces a 

better result, but with high bit rates compared with other low complex algorithms. The presented 

algorithms produce low bit rate whilst preserving the SPCC and image quality at an acceptable 

range. 
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Existing image matching techniques was originally proposed to compare corresponding spatial 

local regions in two images (that is, regions at the same relative spatial location in two images). 

It implicitly assumes that regions at the same spatial location in two images from the same 

category are similar. This implicit assumption is also inherited by most variants of SPM. In each 

region in an image is assigned a learned weight (i.e., spatial saliency), and the similarity of two 

images is the sum of similarities of all weighted spatially corresponding regions. PMD is 

proposed to alleviate the mismatching in SPCC, which is caused by considering only 

corresponding spatial regions in many images for learning and training. It evaluates all spatial 

region pairs, which provides a better similarity metric than spatial hybrid matching. It also 

proposes hyper pixel coordinates HPC if linear classifiers are preferred. HPC consistently 

improves classification results, with almost no increase in storage cost. 

 

6. CONCLUSION 

The proposed technique Spatial region hybrid matching(SRHM) has been implemented in tow 

efficient steps for spatial pixel coordinates Calculation (SPCC) and Pixel Mismatch 

Detection (PMD) shows the better performance than the other image comparison technique. In 

the experiment, system compare SPCC with state-of-the-art methods on three large scale scene 

datasets and one multilevel image classification problem. The proposed fast classifier with HSM 

kernel shows better classification accuracy than compared methods. The other proposed learning 

strategy is PMD, which provides an approximate linearization strategy for SPCC and uses the 

feature mapping approach for additive kernels. Although SPCC is inferior to SPCC in practical 

performance, it provides ways to study the spatial matching behaviors. SPCC reveals that the 

hyper-spatial matching kernel is effective because it decor relates the interactions among spatial 

regions at different locations. The performance is faster and more reliable than other comparison 

algorithms. 
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