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Abstract

Association rules are usually required to satisfy a user-specified minimum support and a user-specified
minimum confidence on the same time. Association generation ruleis usualy divided into two separate steps. The
minimum support sequence is applied to find all frequent itemsets in a database. The frequent item sets and the
minimum confidence constraint are used to form rules to find the minimum frequency at the specified level .
Apriori-based pattern-growth approach sequenceratios are proposed for mining co-orientation patterns to find the
appropriate. Generation levels, The Apriori Algorithm is to find associations between different sets of data. In some
case it is referred as Market Basket Analyzing sequence for arranging the sub set to the number of data items each
set of data has a number of items and is called a transaction sequence point. The output of Apriori is sets of rules

that tell us how often items are contained in sets of data.

Keywords Association  RuleMining,PatternGrowth,itemsets,coor ientation,Apriori,minimum  confidence

constraint

| Introduction

Images may be two-dimensional, such as a photograph image sequence, screen display, and as well as a
three-dimensional sequence image such as a statue or hologram. They may be visually captured by optical devices
such ascameras for visual perception, mirrors for lightened image, lenses for brightened image, telescopes for
generating the distributive random long distance, microscopes for viewing smaller dimensional objects and the

natural image objects and their semantic phenomenon, such as the human eye or water surfaces. The smallest unit of
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image is a pixel. Applying the techniques of data mining on images becomes image mining. Image mining deals
with extracting image from image patterns from the sequence collection of large amount of images.

The first issue is image mining is different from image processing techniques.The major focus of image
mining is in the extraction of patterns from images into alarge quantity of images, whereas the focus of computer
vision and processing techniques in images by extracting specific feature point from a single image.

The second issue isimage mining is different from pattern recognition. Pattern recognition recognizes some
specific patterns. Image mining generates all significant patterns without prior knowledge of what patterns may exist
in the image databases. In pattern recognition, the patterns are mainly synthesized into classification patterns. In
image mining, the typical patterns types are more diverse. Mgjor classifying patterns sequence ratio as, description
pattern for mining orientation, correlation patterns for distributive bisectional pattern images, temporal patterns for

pointing the patterns at the columns, and spatial patterns for measuring their levels of intensities
Il Neural networks Retrieving data from Query Vector Modification

A neural network is a massively parallel distributed processor made up of simple processing units, each of
which has a natural propensity for storing experiential knowledge and making the knowledge available for use. The
query vector modification (QVM) approach iteratively reformulates the query vector based on user’s feedback in
order to move the query toward a topological region of more relevant images and away from non relevant ones. The
relevance of the feature is evaluated by counting how many of the newly retrieved t images are identified as
relevant. This count is called relevance weight. The larger the relevance weight, the better the retrieval ability of the
tested feature, and thus the feature is more relevant to the query.

[I1 Estimation of I mage relevance Association Rule Mining (IRARM)

When a user starts a new query session, the a priori relevance association rules about this query are first
retrieved. With the association rules, the model performs retrieval based on image relevance inference. If the user is
not satisfied with the current retrieval results, he/she can identify the relevance level of each retrieved image through
our soft annotation interface. The user’s relevance feedback is processed in two aspects. The adopted soft RF
technique uses this feedback for query reformulation to improve the next retrieval results of the same query session.

The user’s feedback is inserted into the set of the relevance item sets for association rule mining.
IV Reinforcement Learning In Retrieving data From Spatial based content

The collected images of an image database have extremely diverse content,therefore, the distributions of
feature vectors forrelevant and nonrelevant images can vary significantlyfrom query to query. Some of the cases

maybe easily modeled by the QVM, while others may bemore appropriately modeled by FRE or Bl. For agiven
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image database an RF technique that bringsthe best retrievals to a certain class of query imagesmay be inferior to

other RF approaches for another class of query images.

V Retrieval of Integration Based Schemesfor Multiple RF Approaches

The performance of atarget search is evaluated in bilevel setting, i.e.,whether the target image is found or
not, the number of experienced feedback iterations would be a critical factor andshould be large enough to guarantee
a fair analysisHowever, the purpose of this paper is for category searchand the performance is evaluated by
calculating the precisionrate (the ratio of the number of positive retrievals divided bythe number of total retrievalsin
the same display). Theprecision rate is not a binary value (success or not) as used in target search, but rather it is a

rea number between 0 and 1

VI Create And Removing Noise From Salt And Pepper Analysis

The mean and variance parameters for 'gaussian’, 'localvar', and 'speckle’ noise types are always specified
asif the image were of class double in the range [0, 1]. If the input image sequence ratio is classified into two class
uint8 or uint16, the conversion of image noise function to double the quantity of the single image sequence , adding
the noise to synthesize the specified type and parameters, and then reverts the noisy image back to the same class
asthe input

J = imnoise(l,'salt & pepper',d) adds salt and pepper noise to the specific portion of the given image sequence I,
where d is the specific noise density intensity portion. This affects the semantics ratio approximately d*numel(l)

pixels. The default value assigned to the specific portionin d ratio as 0.05.

J = imnoise(l,'speckle',v) adding the multiplicative sequenceto the specified portion in the given noise image I,
using the equation J = I+n*I, where n is uniformly generated the distributive random noise sequence scenario with

mean value assigned as 0 and variance value assigned as v. The default value assigned for v range is about 0.04.

J = imnoise(l,type,parameters) Depending on typical portion of the given image sequence, you can specify their
image sequence to their additional parameters of their given part to imnoise. All numerical pattens should be
normalized in a distributive random noise; they correspond to their specific pattern operations with their images

portion should be distributive random noise with intensities sequence ranging from 0 to 1.
J = imnoise(l,'gaussian’,m,v) adds Gaussian white noise to the specified pattern of their given image with mean

value assigned as m and variance value assigned as v to the specific portion of the pattern image |. The default

value assigned for mean ratio as zero mean noise with their variance value assigned as 0.01 variance.
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J=imnoise(l,'localvar',V) adds their pattern with distributive zero-mean, Gaussian white noise for measuring their

intensity regions of their local varianceratio V totheimagel. V isan array of distributive variable size as|.

J=imnoise(l,'localvar',image_intensity,var) adds their part with sequence zero-mean, Gaussian noise for measuring
their variable size to an image |, where the local variance assigned as spatia portion of the noise The
image_intensity and their arguments are to be measured as vectors of the same size with their intensity portion
and plot their variable measure ratio as (image_intensity,var) plots their functional intensity relationship between
noise variance of their array size and image intensity of their spatial portion. The image_intensity vector must

contain normalize their frequency intensity valuesranging value assigned from 0 to 1.

Image sequence ratio measured in the form as 256-by-256 matrix is the assigned value of their 8-bit

unsigned integer values.

Fig 1 Adding noise from salt and pepper analysis

The intensity image contains noise that you want your assigned model to eliminate the sequence ratio. Use the
Image From Workspace block to synthesize the noisy image to import the intensity measure in our model. Set the

default assigned VVaue parameter to 1.

Set the path for the configuration parameters in the sequence. Open the Configuration setup dialog box by selecting
the tool from the Model Configuration Parameters from the tool setup dialog box to open the tool in the

Simulation menu. Set the parameters as follows:

Solver pane, Stop time =0

Solver pane, Type = Fixed-step
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Solver pane, Solver = Discrete (no continuous states)

The original noisy image appears in the setup dialog box tool as Video Viewer window setup . To view the part of
image at its original size, dragging the tool in the dialog box setup right-click the window and select Set Display To
True Size.

Fig 2 Removing noise from salt and pepper analysis

VII CONCLUSION

The problem of mining spatial co-orientation patterns in image databases. It utilize 2D string to represent
the spatial orientation of objects in an image. To proposed two algorithms, Apriori-based algorithm and pattern-
growth algorithm, to solve this problem. Our experiments show the good scale up property of these two algorithms.
Pattern-growth algorithm performs more effectively than Apriori-based algorithm.

The use of multilevel user annotation better captures user intension which retrieves the relevant images
within small number of iterations and improves the performance. Rule set reduction reduces the number of rules
generated which helps user to better interpret the knowledge from the reduced set of rules.
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