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ABSTRACT

Spatial region hybrid matching (SRHM) is mainly used for comparing or computing the similarity of the both
images in the computer vision and in the image processing also. By comparing the two images, SRHM implicitly
assumes that: in the two images from the same Image category. Similar objects will appear in the same location.
In the technique of Hybrid Spatial Matching (HSM) is well flexible similarity of the image by computing method
to alleviate the problem of mismatching in SRHM. And the mismatching problem will be detected easily by HSM
and the process is very faster for comparing of both images. In addition to that, the spatial matches between the
corresponding regions, SRHM considers the relationship of the all spatial pairs in the both images. It will
include more meaningful match than HSM. The technique propose two learning strategies for the learning of
SVM models in the new technique of HSM Kernel in image, which are thousands of time faster than the general
purpose method of SVM and also this technique is effective. The technique is used to compute the Hybrid Spatial
Matching and Spatial Region Hybrid Matching on several challenging benchmarks and the technique is clearly
shows that SRHM is more flexible and efficient than HSM by the way of computing each and every pixels of both
images.

Keywords: Image Similarity; Region Classification; Image Comparison; Spatial Pyramid Matching; Flexible

Image Similarity; Pixel Mismatch Detection; Spatial Pixel Coordinates Calculation.

1.0 Introduction

SRHM (Spatial Region Hybrid Matching) is a
best matching system for computing two images. By
using spatial region hybrid matching to compute the
image pixel-by-pixel not even foreground and
background compression in the previous technique is
Spatial Pyramid Matching in this technique the
compression of image will be separated the
foreground and background images will be split up as
foreground and background and compare the
background with background of other secondary
image and foreground with secondary foreground
image by using this technique the mis-matching
problem may be arise because, If two images are
having same background as like sky means, take a
example of tower the building tower is having same
background as a sky if images are comparing another
building with the same background of tower means it
will be approved by SPM Spatial Pyramid Matching
but the result is actually wrong because of mis-

matching problem. So, here it are using Spatial
Region Hybrid Matching to overcome the existing
mismatching problem. Take an example of
skyscraper building in this technique the mismatching
problem will be terminated. In this SRHM technique,
it will compare two tower building with pixel-by-
pixel so each and every pixel will be compared to
avoid mismatching problem. The pixel by pixel will
be compared by H-Connection technique. The H-
Connection is nothing but the histogram method. By
using this technique it will be fast than other
techniques and easy to compare. By this technique
the compression will be based on RBG (Red Blue
Green) the each and every pixel will be compared and
in this technique it compares as like matrix format.
By taking two images, the first image is separated
pixel by pixel as like matrix format and second
images is also separated by pixel both images are
segregated and spited by matrix format each and
every pixel of first image will be compared with each
and every pixel of second image the mismatching

*Corresponding Author: Department of Computer Science Engineering, Sir Issac Newton College of Engineering and
Technology, Nagapattinam, Anna University, Chennai, India (E-mail: pauljerryfeb@gmail.com)
**Department of Computer Science Engineering, Sir Issac Newton College of Engineering and Technology, Nagapattinam,

Anna University, Chennai, India



Flexible Image Similarity Region Calculation with SRHM Using PMD (Pixel Mismatch Detection) | 35

problem will be alleviated is purely based on RBG
compression as said before. In the early stages the
Spatial Pyramid Matching is mainly used to compute
the image comparison and is having some
mismatching problem will compare the images with
error because of comparing the images with
foreground and background compression this was the
major problem and raising the error and mismatching
problem by overcome this the Spatial Region Hybrid
Marching are using in this technique the image will
be spitted as region of matrix format and the spatial
will be checking by pixel rate so the mismatching
problem will be alleviated.

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 similarity of all
biased spatially corresponding regions. The authors
used receptive fields, which are combinations of basic
spatial regions, to provide more features in their
image representation. Here is a rundown of some of
the techniques and tools | 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. There are several
algorithms that can calculate an image fingerprint.
Some were based on heuristics while others had a
solid mathematical backing 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 the detail, while low frequencies
show the structure. A large, detailed picture has lots
of high frequencies.

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 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. Each channel m gives us two
sets of two-dimensional vectors.

2.0 Related Work

Existing problem is recognizing the semantic
group of an image matching. For example, the system
may want to classify a photograph as depict a scene
(forest, street, office, etc.) or as contain a certain
object of interest. For such whole-image
categorization tasks, bag-of features methods, which
stand for an image as an order less set of local
features, have recently established impressive levels
of performance. However, because these methods
ignore all information about the spatial layout of the
features, they have severely limited descriptive
ability. In particular, they are pointless 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 demanding,
especially when the recognition system must be made
to work in the turnout of heavy clutter, occlusion, or
large viewpoint changes. Approaches based on
generative part models and geometric correspondence
research achieves forcefulness [1] at significant
computational expense but existing implementations
of this idea have yielded open to doubt results. One
other strategy for increasing robustness to geometric
deformations is to increase the level of in variance of
restricted features (e.g., by using affrne-invariant
detectors), but a recent large-scale assessment
suggests that this strategy usually does not pay off.
Previous research has shown that arithmetical
properties of the scene measured in a holistic fashion,
without any analysis of its element objects, yield a
rich set of cue 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, the system do not
advocate the direct use of a global method for object
recognition (except for very restricted sorts of
imagery). Instead, the system envisions 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, the
system has 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.

In computer vision, histograms have a long
history as a method for image description (see, e.g.,).
Koenderink and Van Doom [2] [3] have general
histograms to locally order less images, or histogram-
valued scale spaces (i.e., for each Gaussian opening
at a given site and scale, the locally order less image
returns the histogram of image skin tone aggregated
over that opening). Our spatial hybrid approach can
be thought of as an choice formulation of a locally
order less image, where instead of a Gaussian scale
space of apertures, the system define a fixed pecking
order of rectangular windows. Koenderink and Van
Doom have argued convincingly that locally order
less images play a significant role in visual
perception. Our retrieval experiments verify that
spatial hybrids can capture perceptually most
important features and suggest that "locally order less
matching” may be a commanding mechanism for
estimating in general perceptual similarity between
the images.

It is significant to contrast our future approach
with multi resolution histograms, which engage
repeatedly sub sampling an image and computing a
global histogram of pixel values at every new level.
In other words, a multi resolution histogram vary the
resolution at which the skin (intensity values) are
computed

2.1 Classification-based methods in optimal image
interpolation

In this work bring in two new approaches to
optimal image interpolation which are based on the
idea that image data cascade into different categories
or classes, such as edges of different orientation and
smoother gradients. Both these methods work by
classify the image information in a window around
the pixel organism interpolated, and then using an
interpolation alter calculated for the selected class.
The primary method, which it calls Resolution
Synthesis (RS), performs the categorization by
computing probabilities of class relationship in a
Gaussian mixture model. The next method, which it
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calls Tree-based Resolution Synthesis (TRS), uses a
regression tree. Both of these methods are based on
stochastic models for image data whose parameters
must have been predictable earlier, by training on
sample images. It shows that under some assumption,
both of these methods are really best in the sense that
they give way smallest amount mean-squared error
(MMSE)[3] estimates of the target-resolution picture
given the basis image. It also brings in Enhanced
Tree-based RS, which consists of TRS exclamation
followed by an improvement stage. During the
improvement stage, it recursively adjoin adjustments
to the pixels in the interpolated image. This has the
dual consequence of plummeting interpolation
artifacts while imparting additional sharpening. It
presents consequences of the on top of methods for
interpolating images which are gratis of artifacts. In
addition, it presents results which demonstrate that
RS can be taught for high-quality exclamation of
images which display certain characteristic artifacts,
such as JPEG images and digital camera images. It
also present results of a novel interpolative image
coding technique which uses RS along with the well-
known JPEG density scheme. These results
demonstrate that for comparatively low bit rates, the
RS-based density scheme can improve upon JPEG
solidity used alone, in conditions of slanted image
superiority (for an approximately fixed bit-rate), and
in terms of superior rate-distortion tradeoff.

2.2 Limits on super-resolution and how to break
them

Nearly all super-resolution algorithms are
based on the elementary constraints that the super-
resolution image should produce the low resolution
input images when suitably twisted and down-
sampled to replica the image configuration procedure.
(These reconstruction constraints are usually shared
with some form of softness prior to normalize their
solution.) In the primary part, it derives a series of
analytical consequences which show that the
reconstruction constraints offer less and less useful
information as the intensification factor increases. It
also authenticate these results empirically and show
that for great enough magnification factors any
smoothness previous leads to overly smooth
consequences with very little high-frequency satisfied
(however many low resolution input images are
used.) In the subsequent part of this paper, it proposes
a super-resolution algorithm that uses a dissimilar
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kind of restraint, in addition to the renovation
constraints. The algorithm attempts to recognize
limited features in the low resolution images and then
enhances their resolution in an appropriate mode. It
call such a super-resolution algorithm a hallucination
or reconstruction algorithm [4] [5].

2.3 Sparse bayesian learning and the relevance
vector machine

This future introduces a universal Bayesian
framework for obtaining bare solutions to failure and
classification tasks utilizing models linear in the
parameters. Although this framework is completely
general, it exemplify our move toward with a
particular specialization that it denote the relevance
vector machine' (RVM) [6], a model of the same
useful form to the accepted and state-of-the-art
'support vector machine' (SVM). It show that by
exploiting a probabilistic  Bayesian learning
framework, it can get accurate prediction models
which typically utilize radically feet basis functions
than a similar SVM while offering a number of
additional advantages. These comprise the benefits of
probabilistic predictions, routine estimation of
'nuisance’ parameters, and the ability to utilize

arbitrary foundation functions (e.g. non-'Mercer'
kernels).
It details the Bayesian framework and

associated knowledge algorithm for the RVM, and
give some illustrative examples of its request along
with some comparative benchmarks. It offer some
clarification for the exceptional amount of sparsest
obtained, and discuss and show some of the
beneficial features, and possible extensions, of
Bayesian relevance knowledge.

2.4 Empirical filter estimation for sub pixel
interpolation and matching

This study of the low-level problem is
predicting pixel intensities after sub pixel image
translations. This is a basic subroutine for image
warping and super-resolution, and it has a critical
influence on the accuracy of sub pixel matching by
image correlation. Rather than using traditional
frequency-space filtering theory or ad hoc
interpolators such as spines, it take an empirical
approach, finding optimal sub pixel interpolation
filters by direct numerical optimization over a large
set of training examples. The training set is generated
by sub sampling larger images at different

translations, using sub samplers that mimic the spatial
response functions of real pixels. It argues that this
gives realistic results, and design filters of various
different parametric forms under traditional and
robust prediction error metrics. It systematically
study the performance of the resulting filters, paying
exacting attention to the pouter of the underlying
image sampling regime and the belongings of aliasing
("j aggies™). It summarizes the consequences and give
practical advice for obtaining sub pixel accuracy.

But the histogram resolution (intensity scale)
stays fixed. The system takes the conflicting approach
of fixing the resolution at which the skin are
computed, but varying the spatial resolution at which
they are aggregated. This results in a higher-
dimensional symbol that conserve more information
(e.g., an image consisting of thin black and white
stripes would keep two modes at every level of a
spatial hybrid, whereas it would turn out to be
indistinguishable from a consistently gray image at
all but the finest levels of a multi resolution
histogram). Finally, different a multi resolution
histogram, a spatial hybrid, when ready with an
appropriate kernel, can be used for approximate
geometric matching.

Some approaches use easy classifiers such as
nearest neighbor (NN). While exact NN can give a
competitive accuracy when compared to SVMs, it is
not easy to scale to large datasets. On the additional
hand, approximate nearest neighbor (ANN) can carry
out poorly on high-dimensional image descriptors
(significantly inferior than one SVMSs) while still life
form much more computationally concentrated. For
these reasons, the vast bulk of the text on large-scale
image categorization has employed large-margin
classifiers. A fair quantity of work has been loyal to
scaling the knowledge algorithms to huge datasets.
An open mapping of the image descriptors to
efficiently deal with non-linear kernels was planned.

Torresani et al.[7] used compact binary quality
descriptors to grip a large number of images.
S'anchez and Perronnin argued that high-dimensional
image descriptors are essential to obtain state-of-the-
art consequences in large-scale categorization and
proposed to join image descriptor density with
learning based on stochastic incline descent. The
system underline that in most preceding works
tackling large-scale datasets, the object functions
which is optimized is forever the same: one binary
SVM is educated per class in a one-vs.-rest fashion.



2.5 Spectral-spatial classification of hyper spectral
imagery based on random forests

The high dimensionalities of hyper spectral
images are more often than not joined with limited
reference data available, which degenerate the
performance of supervised categorization techniques
such as chance forests (RF). The commonly used
pixel-wise categorization lacks in order about spatial
structures of the image. In order to get better the
performances of organization, incorporation of
spectral plus spatial is needed. This paper suggests a
novel scheme for  precise  spectral-spatial
categorization of hyper ghostly image. It is based on
random forests; go after by majority selection within
the super pixels get by over segmentation through a
graph-based method. The scheme unites the result of
a pixel-wise RF classification and the segmentation
map obtained by in excess of segmentation. Our
untried results on two hyper phantom images
demonstrate that the proposed framework combining
spectral information with spatial background can very
much improve the final result with admiration to
pixel-wise cataloging with Random Forests.

2.6 Combining local binary patterns for scene
recognition

The obtainable spatial principal part analysis
of census transform histograms (PACT) was future to
recognize example and categories of places or scenes
in an image. An improved symbol called Local
Difference Binary Pattern (LDBP)[8] also was future
and performed improved than that of PACT. LDBP is
based on the comparisons flanked by center pixel and
its neighboring pixels, but the rapport among
neighbor pixels is not considered. In this paper, it
suggest to unite Local Neighbor Binary Pattern
(LNBP) with LDBP to build a spatial representation
for scene gratitude, because that LNBP can afford
complementary information regarding neighboring
pixels for LDBP. Experiments on extensively used
datasets demonstrate that the recital of image
recognition is further improved with proposed
method.

2.7 Feature coding in image classification: a
comprehensive study

Image arrangement is a hot topic in computer
vision and pattern recognition. Characteristic coding,
as a key part of image classification, has been
extensively studied over the past several years, and a
number of coding algorithms have been proposed.
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However, there is no comprehensive learn about the
connections flanked by different coding methods,
chiefly how they have evolved. In this concept, first
make a review on various feature coding methods,
including their motivations and arithmetical
representations, and then exploit their relations, based
on which classification is proposed to make known
their evolution. Further, it summarize the main
characteristics of present algorithms, every of which
is communal by several coding strategy. Finally,
process choose more than a few representatives from
dissimilar kinds of coding approaches and empirically
assess them with respect to the size of the codebook
and the numeral of preparation samples on more than
a few widely used databases (15-Scenes, Caltech-256,
PASCAL VOCO07, and SUN397). Experimental
findings firmly give good reason for our theoretical
analysis, which is expected to benefit both sensible
applications and future research.

2.8 Aggregating local
compact codes

This system addresses the difficulty of large-
scale image look for. Three constraints have to be
taken into account: search accuracy, efficiency, and
memory usage. It primary present and assess different
ways of aggregating local image descriptors into a
vector and demonstrate that the Fisher kernel attain
better presentation than the orientation bag-of-visual
words approach for any given vector measurement. It
then jointly optimize dimensionality decrease and
indexing in order to get a precise vector comparison
as till as a compact symbol The evaluation
demonstrate that the image representation can be
reduced to a small number of dozen bytes while
preserving high correctness. Searching a 100 million
image data set takes concerning 250 ms on one
processor core.

One of the strategies offers quite a few
advantages, for a protection of such strategies. One
noticeable exemption to this rule is the large-scale
position algorithm of Its ton et al In their work, Its ton
et al. account on a subset of 15K Image Net
categories a important increase of correctness when
optimizing a ranking objective purpose compared to
one one-vs-rest: from 2.27% top-1 correctness to
4.25%. The system is built-in this ranking algorithm
in our benchmark.

There has also been a important amount of
work on tumbling the computational cost

image descriptors into



Flexible Image Similarity Region Calculation with SRHM Using PMD (Pixel Mismatch Detection) | 39

of large-scale classification. For example,
Itston et al. future to learn jointly the classifier as till
as a dimensionality decreases of the features. To
create the complexity sub linear in the figure of
classes, various approaches have been future which
employs tree structures.

3.0 System Model

This planned method spatial region hybrid
matching (SRHM) has been implemented in two
well-organized steps for spatial pixel coordinates
Calculation (SPCC) and Pixel Mismatch Detection
(PMD) culture and forecast: spectral linearization and
gradient approximation. In spectral linearization, the
learning is openly distorted into an approximate
linear learning difficulty, and any linear SVM solver
can be practical to solve it. In the incline
approximation strategy, the incline of a dual SPCC,
PMD objective is straight approximated by
polynomial weakening.

PMD is planned to alleviate the mismatching
in SPCC, which is caused by bearing in mind only
matching spatial regions in numerous images for
learning and guidance. It evaluates all spatial region
pairs, which provides a improved resemblance metric
than spatial hybrid matching. It also proposes hyper
pixel coordinates HPC if linear classifiers are
favored. HPC consistently improves categorization
results, with almost no augment in storage cost.

The input image will be transfer into the pixel
estimation for analyzing the image and it will check
for SPCC process for clipping then after it will travel
into PMD verifier for checking the image if it is true
means the result will be positive else not a similar
image. The Results of similarity shows the similar
pixels two images. 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 fast and efficient if the PMD
value is normal and true means PMD will show the
result of similarity.

3.1 Image segmentation

An image is the compilation of data that stand
for the pixels and the colors to demonstrate an image.
Every pixel is represented by the RGB principles. In
this image segmentation component, image is
interpreting by the software and divides keen on

various segments. Each segment has the collection of
pixel gradients. Every segment is identified by its
position in the image and its image representation.
Every segment is send to the next spatial region
coordinates classifier.

3.2 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.
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.

Fig 1: Shows the Working Process of SPCC
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3.3 Similarity matching using spcc

Take the graph that has been calculated using
the coordinates in the above classification. Now do
the same with the image that has been stored in the
database image or another own image. Now it is easy
to calculate the pixel range between two images using
the matrix that represent the pixel gradient of the two
image segments. Here using the algorithm called
spatial region hybrid matching (SRHM) has been put
into practice in two efficient steps for spatial pixel
coordinates Calculation (SPCC) and Pixel Msmatch
Detection (PMD) this can be done in easy manner.



3.4 Mismatch correction using pmd

It is intended to detect the variation between
the two images from their pixel gradient variation. By
calculating the hyper pixel coordinates HPC this
process in done systematically. It uses the PMD
algorithm for this process. What it will do is it will
find the relative differences between the pixel
coordinates that will be useful in detecting the
differences between the images.

4.0 Result and Discussion

As the result says, less robust but potentially
earlier solution is to build characteristic coordinates
for each image, and choose the image with the
histogram neighboring to the input image's histogram.
It implemented this as an undergrad, and system used
3 color histograms (red, green, and blue), and both
texture histograms, way and scale. I'll give the
particulars below, but | should note that this only
worked till for matching images VERY alike to the
database images. Re-scaled, rotated, or discolored
images can fail with this method, but little changes
like cropping won't break the algorithm.

Computing the color histograms is simple just
picking the variety for the histogram buckets, and for
each range, tally the numeral of pixels with a color in
that variety. For example, consider the "green"
histogram, and presume system choose 4 buckets for
our histogram: 0-63, 64-127, 128-191, and 192-255.
Then for each pixel, scheme looks at the green value,
and adds a compute to the appropriate bucket. When
were complete tallying, system split each bucket total
by the number of pixels in the whole image to get a
normalized histogram for the green channel.

For the texture way histogram, system in
progress by performing edge discovery on the image.
Each edge point has a usual vector pointing in the
way at right angles to the edge. System quantized the
usual vector's angle into one of 6 buckets between 0
and Pl (since edges have 180-degree regularity,
system converted angles between -Pl and O to be
between 0 and PI). After adding up the number of
edge points in every direction, system have an un-
normalized histogram representing texture way,
which system normalized by in-between each bucket
by the total numeral of edge points in the image. To
calculate the texture scale histogram, for each edge
point, system deliberate the distance to the next-
closest edge point by the same direction. For
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example, if edge point A has a direction of 45
degrees, the algorithm walks in that path until it finds
another edge point with a direction of 45 degrees (or
within a sensible deviation). After computing this
coldness for each edge point, system dumps those
principles into a histogram and normalizes it by
separating by the total numeral of edge points.

Fig 1: Representing the Image Comparison using
SPCC Algorithm
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Now it is having 5 histograms for every image.
To contrast two images, it takes the total value of the
dissimilarity flanked by each histogram bucket, and
then sum these main beliefs. For example, to contrast
images A and B, system would calculate for each
bucket in the green histogram, and do again for the
other histograms, and then figure up all the
consequences. Repeat for all images in the database,
and the competition with the smallest consequence
wins. By probably want to have a threshold, above
which the algorithm bring to a close that ho match
was found.

5.0 Conclusion

So it is proved that the proposed technique
spatial region hybrid matching (SRHM) has been
implemented in two well-organized steps for spatial
pixel coordinates Calculation (SPCC) and Pixel
Mismatch Detection (PMD) shows the improved
presentation than the additional image contrast
technique. In the experiment, system contrast SPCC
with state-of-the-art methods on three large scale
sight datasets and one multilevel image categorization
difficulty. The future fast classifier with HSM kernel
shows better classification correctness than compared
methods. The other future learning plan is PMD,
which provides an estimated linearization plan for
SPCC and uses the characteristic mapping move



Flexible Image Similarity Region Calculation with SRHM Using PMD (Pixel Mismatch Detection) | 41

toward for additive kernels. Although SPCC is lesser
to SPCC in practical presentation, it provides ways to
study the spatial corresponding behaviors. SPCC
reveals that the hyper-spatial corresponding kernel is
effectual because it decor relates the connections
among spatial regions at dissimilar locations. The
performance is faster and more dependable than other
comparison algorithms.

6.0 Future Enhancement

In the future, higher resolution images such as
"4K2K" and images from various viewpoints for auto
stereoscopic 3D television will appear. In line with
that trend, the quantity of data that will have to be
procedure in real time is set to rapidly augment. | feel
it will thus be essential to advance investigate on
improving not only image excellence but also
efficiency of data dispensation.

By applying this skill to a 3D camera, it
became possible to right color tint at the same time as
images are blast. Moreover, this kind of technology
can fit the color shade of multiple images, so it is
applicable to production of compound images.
Photography is made likely by capturing the light
rays that travel through a camera lens. If, ideally, all
of the light rays that live within a given area light
field might be captured, then image processing
deemed unachievable by means of today's
technologies would become likely.

Changing the perspective or angle of view
after an image has been captured, for example, or the
site or angle of the light shining on the topic would
allow the relighting of a subject, creation possible
changes in the sharing of light and shade, as well as
the shapes and densities of shadows the length of
with other lighting conditions.
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