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Abstract--- With computers and communication dominating 

technology in different fields, the need to look for media-based 

information processing, MBIP –rather than data-based 

information processing, DBIP- is increasingly being felt and this 

is compounded by the explosive developments in cellular 

communication, which brought computing and interaction on the 

move. The basis is to explore possibilities of using conventional 

data-mining approaches with visualization and object orientation 

so that human interaction is easier.    

Data Mining involves exploring databases to try and discover 

data relationships which are not explicitly stored with in the 

databases. Traditional techniques involve statistical analysis, 

clustering and pattern matching. Many current efforts are 

underway to integrate visualization in to this process. 

Visual data mining is a novel approach to data mining. The 

aim is to combine traditional data mining algorithms with 

information visualization techniques to utilize the advantages of 

both approaches. The utilization of both automatic analysis 

methods and human perception/understanding promises better 

and more effective data exploration. Visualization is a key 

process in visual data mining. Here the focus is on the 

presentation of all aspect of multimedia objects, their 

identification, their analysis and relationships. 

Keywords--- Visual Data Mining, Multimedia Databases, 

Visual data, Self – Organizing Maps. 

I. INTRODUCTION 

Current trends in data mining include mining unstructured 

data such as text, voice, and video, mining data in 

distributed and heterogeneous databases, and mining the 

World-Wide Web (WWW) data to help electronic 

commerce sites [1] . Several prerequisite are required for 

successful data mining. The first is data preparation, as good 

data are essential for good mining. Data have to be scrubbed 

and cleaned, and in some cases warehoused. Inconsistencies 

and uncertainties must be eliminated. When data preparation 

step is completed, the next step is to determine the desired 

outcomes, such as clustering, associations, and the 

subsequent selection of appropriate tools to carry out mining 

.This is largely a trial and error process. Engineers improve 

their performance with experience. Applying the data 

mining tools and getting some results is less complex task 

than making sense out of the data. The first step is to carry 

out some actions based on the results to determine whether 

the mining effort was worthwhile. 

II. MOTIVATION FOR MULTIMEDIA AND 

VISUAL DATA MINING 

While the very largest data sets, i.e. data sets larger than 

10
8
bytes, are not easily accessible via graphical 

visualization methods, data visualization is often powerful 
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tool for the exploration of data. In particular several 

visualization tools, which when used in conjunction with 

each other, form an extremely useful approach to visual data 

mining. Wegman discusses issues of computational 

complexity and data transfer as well as visual complexity. 

At some where between 10
6
 to 10

7
 bytes, analysis with 

complex algorithms on conventional desktop computing 

begins to fail. Similarly, data transfer over standard Ethernet 

begins to take an unfeasibly long amount of time. A second 

critical way-point occurs at data set size of about 10
12

. For 

small enough data set sizes data can be stored in memory or 

primary storage. For larger data sets, data must be stored on 

hard disks or secondary storage and accessed piecemeal. For 

massive datasets, data must be stored in robotic magnetic 

tape silos or tertiary storage. Access becomes orders of 

magnitude slower and focus shifts dramatically from 

statistical considerations to computational considerations [2] 

For purposes of visual data mining, a critical question is 

what is the maximum number of data points we can process 

visually? After all, exploratory data analysis is traditionally 

graphically oriented. Such Questions must me answered in 

terms of the human visual system which clearly begins with 

finite number of cells in the eye, most importantly the high 

resolution foveal cones. Based on both psychometric 

experiments and anatomical considerations, somewhere 

around 10
6
 to 10

7
 observations appears to be  the practical 

limit for visualization of data while massive data sets easily 

venture in to the range of 10
12

 bytes. The human eye has 

approximately 10
7
 cones implying that visualizing one 

observation per cone would optimistically put the upper 

limit of visual resolution at about 10
7
 observations. Thus, 

data mining as such cannot successfully exploit visualization 

for truly massive datasets (like multimedia data) without 

some modification of the raw data. Several approaches like 

thinning and binning to reduce the size of the data sets 

making visual analysis more feasible. 

Multimedia data is typically has a complex structure and 

cannot readily be processed as a whole by the data mining 

algorithms. Image and video indexing and retrieval have 

always been an interesting research field. The advent of 

World Wide Web brought new challenges to computer 

vision and artificial intelligence community. Research in 

computer vision, artificial intelligence, databases, etc is 

taken to a large scale to address the problem of information 

retrieval from large repositories of images. Traditional 

pattern recognition and image analysis algorithms in vision 

and AI fields dealt with small sets of still images and did not 

scale well. 
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Whereas much of the previous work on data mining 

focused on mining relational databases. Object models are 

very popular for multimedia data, and therefore, we need to 

mine object databases to extract useful information from the 

large quantities of multimedia data. For machine learning 

and knowledge discovery multimedia mining brings new 

challenges as the data is extremely large in size, uses 

different modalities and has a rich internal structure. 

Required technologies include speech recognition, text 

mining, video and image analysis information retrieval and 

summarization. 

2.1 Multimedia Mining 

The progress made in the hardware technology allows 

today’s computer system to store very large amounts of 

data. It is estimated that every year about 1Exabyte of data 

are generated, of which large portion is available in digital 

form. Even simple transactions of every day   life are 

typically recorded by computers [9]. Usually many 

parameters are recorded resulting in multidimensional data 

with high dimensionality. Finding the valuable information 

hidden in them is however a difficult task. With this today’s 

data management systems, it is only possible to view quite 

small portions of data. If the data is presented textually, the 

amount of data which can be displayed is in the range of 

some one hundred data items, but multimedia kind of data 

will contain data sets with millions of data items. For setting 

meaningful information out of that we need to explore the 

multimedia data. The exploration can be done with visual 

data mining techniques [6].Much of the bandwidth on the 

Internet is taken up by transmission of visual data. The bulk 

of this data is never analyzed or used because of lack of 

efficient and scalable techniques. 

Visual data exploration aims at integrating the human in 

the data exploration process, applying its perpetual abilities 

to the multimedia data. Visualization is the key process in 

Visual data mining. Visualization technique can provide a 

clear and more detailed view on different aspect of data as 

well as results of automated mining algorithms. Here we 

will see the information content and information structure 

parts in which the information is organized. 

Now the challenge is to mine data in the multimedia 

objects. One way is to extract relational data from 

multimedia data. The other is to mine object databases 

directly. First we need to identify the types of mining that 

could be carried out (like clustering, estimation and 

prediction. The recent advances in research on multimedia 

databases [11] enable the creation of large multimedia 

databases which can be queried in an effective way. These 

advances, in combination with the research in to multimedia 

database and advances in data mining in relational databases 

[2], created a possibility for the creation of multimedia data 

mining systems. 

We could develop techniques to retrieve values of the 

attributes and then find some relationships between the 

values. We can write additional methods to extract certain 

values and then do some analysis. Visual data mining 

techniques proven to be of high value in exploratory data 

analysis and they have high potential for exploring large 

database, in particular when we have little is known about 

the data and the exploration goals are vogue. When we are 

using visual data mining the user is directly involved in the 

exploration process, shifting and adjusting the exploration 

goals can be automatically done. 

In text mining, the retrieval of document can be done by 

specifying attributes or key values. Also we required to 

discover associations between the words and paragraphs. 

Since most of the available data mining tools support only 

relational databases (Structured data),we required to develop 

tools that can handle unstructured text data.[7],[8]. 

Image mining deals with mainly associations between 

different images from large image database. We have to find 

out unusual patterns in the images. We need to extract 

Metadata from images and then mining can be done on the 

metadata [10] [12]. The visualization techniques are very 

much useful in finding the unusual patterns in the images. 

Video mining and audio mining are difficult compared to 

text mining and image mining. But one of the way is to 

convert the available information from video and audio 

database to text [13]. For this visual mining can be used. 

Using visual mining we can gain insight into unstructured 

data and can come up with new hypotheses. The verification 

of the hypotheses can also be done via visual data 

exploration but it may also be accomplished by automatic 

techniques from statistics or machine learning. 

III. VISUAL MINING TECHNIQUES & RESULTS 

Many multimedia data sets consist of more than tree 

attributes and therefore, they do not allow a simple 

visualization as two-dimensional or three-dimensional plots. 

Since there is no simple mapping of the attributes to the two 

dimensions of the screen, more sophisticated visualization 

techniques are needed [3],[4]. This can be achieved by the 

following techniques. 

3.1. Self – Organizing maps (SOM) 

SOM provide a effective mechanism for preprocessing 

and organizing unstructured data. SOMs are able to extract 

groups of similar information objects and can be described 

as nonlinear projection from n-dimensional input space on 

to two dimensional visualization spaces [5],[14] . 

3.2. Progressive Resolution Refinement  

For effective and efficient discovery of patterns in 

multimedia databases, a multi-resolution strategy can be 

used .By first finding the patterns at a low resolution and 

preserving the search at a higher resolution with only the 

data selected in lower resolutions. The basic idea is quickly 

approximate patterns at a course level, and then eliminates 

false positives by verifying them at a higher resolution. This 

can be done by using image processing algorithms such as 

image enhancement, filtering and transformation. 

3.3. Geometrically Transformed Displays 

Geometrically transformed display techniques aim at 

finding interesting transformations of multidimensional data 

sets.  
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The class of geometric display techniques includes 

techniques from exploratory statistics, such as scatter plot 

matrices [15], [16] and techniques which can be subsumed 

under the term projection pursuit [17]. Other geometric 

projection techniques include Prosecution Views  [18], [19], 

Hyper slice [20], and the well-known Parallel Coordinates 

visualization technique [21]. The parallel coordinate 

technique maps the k-dimensional space onto the two 

display dimensions by using k equidistant axes which are 

parallel to one of the display axes. The axes correspond to 

the dimensions and are linearly scaled from the minimum to 

the maximum value of the corresponding dimension. Each 

data item is presented as a polygonal line, intersecting each 

of the axes at that point which corresponds to the value of 

the considered dimensions 

IV. CONCLUSION  

In this paper we have proposed the visual data mining 

techniques for the multimedia database. Visual data 

exploration process, which applies its perpetual abilities to 

the multimedia data. Visualization techniques provide a 

clear and more detailed view on different aspect of data as 

well as on results, if automated mining algorithms.  
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