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Abstract: Real world applications using databases with incomplete data are common. Databases with incomplete data take place in 

a wide range of industry and research domains. There is a diversity of reasons why databases may contain incomplete data. The 

data may not be accessible at the time the record was created or it was not recorded because of equipment adverse conditions or 

malfunction. Data may have been accidentally omitted or the data is not related to the record at hand. The grant for and use of 

incomplete data may be purposely designed into the database. In some situations, the incompleteness of data is random, i.e. the 

incompleteness of some value does not depend on the value of another variable. The main aim of this paper is to implement an 

index structure that can utilize the inequality between the data to further improve the efficiency of the query process. The indexed 

structure will store all the probability values in ascending or descending order and gives rapid access when ever needed which in 

turn increases the search process. 

 

I. Introduction 

Extensive research efforts have been taken in similarity querying in the field of database, data mining, and 

information retrieval. If a query object is given, then efforts are been put to find similar objects. In many cases, it 

is observed that the data is incomplete or it is a missing value problem i.e., the data values on some dimensions 

are unknown or uncertain. For example, in sensor networks, the received data might be incomplete owing to the 

inaccuracy in sensors or when errors occur during the data transmission process. This study is based upon the 

assumption that missing data information is known. Whereas the same information may be unknown to the 

engineer in actual practical environment. For these cases, order of arrival of data values would be known without 
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any information regarding its respective dimensions. When the dimensionality of the collected data is minor than 

its actual dimensionality, the dependency of dimensions on their related values is lost. We refer to such a problem 

as the dimension incomplete problem. In this case consider the sensor networks. The database usually contains 

time series data objects, each of which is represented by a sequence of values (x1; x2; . . . ;xm). The dimension 

information associated with data values can be indirectly inferred from the data arrival order. This schema of data 

gathering and storing is very common in resource-constrained applications because clearly maintaining dimension 

information will cause additional costs. In this problem setting, missing a single data element will terminate the 

dimension information of the whole data object. For example, the original data object is (3, 1, 2, 5). When data 

element 1 is lost, then dimension information for the rest of data elements becomes unclear. For example, 3 can 

be the first or the second element, and 2 can be the second or the third element.  

When data elements 1 and 5 are lost, then both elements 3 and 2 may locate on three altered dimensions. 

In applications where dimension information is clearly maintained, the dimension pointer itself may be missing. 

This will also cause the dimension incomplete problem. Missing Dimension Information posse’s great 

computational challenges. Incompleteness of data is a regular problem in many databases together with web 

multi-relational databases, heterogonous databases, spatial and temporal databases and data incorporation. The 

incompleteness of data initiate challenges in processing queries, as long as they provide accurate results that best 

meet the query conditions over incomplete database is not a trivial task. In the existing work dimension 

incomplete problem is studied which usually refers to the missing value problem that means, data values on 

certain dimension are unknown or uncertain. The existing work posses the common assumption regarding each 

dimension, whether it’s data values is missing or not become known. In real life application, if data collected from 

noisy environment not only data values miss but also dimension information missing. So that, we have to know 

the arrival order of data values without knowing which dimensions the values belongs to.  

Dealing with missing data is a central issue for modern problems in statistical signal processing and machine 

learning. At the University of California, Irvine (UCI) database for machine learning data sets, users upload data 

sets and documentation for others to test their machine learning algorithms. One piece of meta-data about each 

data set is whether or not there are missing values. Approximately 25% of the data sets have a “Yes” in this 

category1. Not including the data sets which are marked “N/A”, approximately 40% of the data sets have missing 

values. In our own research, we have dealt with data from the UW Computer network, the Centre for Embedded 

Networked Sensing (CENS) Cold Air Drainage transect2, data capturing signal strength of the public wifi in 

Madison, Wisconsin, and data collected on the climate and ecosystem of the lakes in the state of Wisconsin. In all 

of these data sets, data were missing. Taking another perspective on this issue, sometimes it is not that data go 

missing, but instead that all the data cannot possibly be collected. In fact the problem of interest may be to infer a 

subset of the data points that we don’t have.  

 

This paper focuses on data which are missing uniformly at random. This means that:  

 Which data are missing or observed is in no way dependent on the actual values themselves;  

 Which data are missing or observed is in no way dependent on which other values are missing or 

observed;  

 The probability that any one data point is missing is equal to that of any other data point being missing. 

 

II. Related work 

W. Cheng, X. Jin, J. Sun, X. Lin, X. Zhang, and W. Wang [1] developed probabilistic framework to 

model the problem of relationship search on dimension incomplete data so that the users can discover objects in 

the database that are related to the query with probability. They developed both upper and lower bounds of 
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probability that a data object will become similar to the query. These bounds enabled efficient filtering of 

inappropriate data objects without clearly examining all missing dimension combinations. A probability triangle 

inequality is engaged to further reduce the search space and speed up the query process.  

R. Fagin, R. Kumar, and D. Sivakumar [2] introduced rank aggregation as approach towards doing 

similarity search and classification. In this method, query and candidates are classified as points in 

multidimensional space. Each coordinate has been individually pointed out as voter. It ranks the points based on 

closeness to the corresponding coordinate of query. The winners are those points with the highest aggregated 

ranks which when are combined with dimensionality reduction yields a simple, database-friendly algorithm and 

gives a very good approximate answer to the nearest neighbor problem. This algorithm is observed to be efficient. 

Median rank aggregation is an efficient and useful form of rank aggregation.  

E. Keogh [3] Dynamic Time Warping (DTW) is a much more robust distance measure for time series. 

DTW allowing similar shapes to match even if they are out of phase in the time axis. First, consideration in the 

case where the two sequences are of the equal length. This is not really a limitation because the user can always re 

interpolate the query to any desired length. Secondly, only index sequences if we assume the warping path is 

constrained.  

D. Gu and Y. Gao [4] Incremental gradient descent imputation(InGrImputation) Model creates an 

universal model for the variable with missing data based on the relationship between the variable and other known 

variables. InGrImputation model uses a relationship among variables to estimate the missing value and therefore 

improves the performance of Learning Classifier Systems (LCS).  

E. Keogh and M. Pazzani [5] Dynamic time warping (DTW) has been suggested as a technique to robust 

distance calculations for time series data, however it is computationally expensive. DTW is distance measure for 

time sequence, allowing related shapes to match even if they are out of phase in the time alignment. Related 

shapes to match even if they are out of phase in time alignment for time sequence is nothing but DTW distance 

measure. Modification of DTW that exploits a higher level representation of time series data. This produces one 

to three orders of magnitude speed-up without compromising in accuracy.  

B. Bollobas, G. Das, D. Gunopulos, and H. Mannila [6] Gave a pair of un-identical complex objects, 

denying (and determining) however their similarity to each other is a nontrivial problem. In data mining 

applications, one needs to determine the similarity between two time series. Analyze a model of time-series 

similarity that allows outliers, different scaling functions, and present deterministic and randomized algorithms 

for computing this notion of similarity. Non trivial tools and methods from computational geometry on which 

algorithms are based. Use the properties of well-separated geometric sets. The randomized algorithm for 

computing similarity between two time series has provably good performance.  

 

III. PROPOSED MODEL 

This paper handles the missing data or misplaced data efficiently using the index structure. The index 

structure is used to maintain the data present in the database efficiently and the accessing speed of the searching 

will be increased greatly with indexing. The proposed method consists of the following models: 

 Indexing 

 Filtering the probability inequalities. 

 Filtering Lower and Upper Bounds. 

 Probability Verification 

The indexing is the major improvement over the system proposed in [1] where the accessing capabilities 

are restricted. 
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Fig.1  Components of the proposed model 

A. Indexing: 

The proposed method uses an indexing structure to access the data files efficiently. An activity index is a 

data mining procedure where the files of databases are stored in blocks and those are pointed using block pointer 

and whenever user searches the block details the pointer directly points to that block without searching entire data 

files. The figure below shows an example of that index structure. 

 

Fig.2  Index Structure 

The figure clearly depicts that the entire data is pointed to the index table where the pointers are stored 

rather than entire data. 

 

B. Filtering the probability inequalities: 

The next step is to filter out the probabilities from the provided dataset. This module presents a probability 

triangle inequality that can also be used to effectively prune the search space. 
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Given a query object Q, a dimension complete data object R (i.e., |Rj|=|Q|), and a dimension incomplete data 

object Xo whose underlying complete version is X, we have that  

 
For range encoded bitmaps, bit Bi,j [x] is 1 if record x has a value that is less than or equal to j for 

attribute Ai and 0 otherwise. Using this encoding if Bi,j [x] = 1 then Bi,k[x] = 1 for all k > j.  

In this case the last bitmap Bi,Ci for each attribute Ai is all 1s. Thus, we drop this bitmap and only keep 

Ci−1 bitmaps to represent each attribute.  

 

 

 

If attribute Ai has missing values we add the bitmap Bi,0 which has Bi,0[x] = 1 if record x has a missing 

value for attribute Ai. Also in this case Bi,j [x] = 1 for all j. We are treating missing data as the next smallest 

possible value outside the lower bound of the domain, in our case, the value 0. 

 In total the set of bitmaps required to represent attribute Ai with missing values is Ci. We also tried 

another kind of encoding in which instead of making missing data the smallest value we consider the extra bitmap 

to be a flag indicating whether the data is missing. In this alternative, if record x has a missing value for attribute  

Ai, Bi,0[x] = 1 and Bi,j [x] = 0 for all j > 0.  
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However, by making Bi,Ci [x] = 0 when x has a missing value for attribute Ai, we can no longer drop it. 

This will effectively increase the number of bitmaps for attribute Ai to Ci+1, and will not provide any advantage 

to the query evaluation logic. 

C. Filtering Lower and Upper bounds: 

The bitmaps are represented and stored in index and the lower bounds and upper bounds are provided by 

the user for filtering out the remaining tuples from the dataset. The limits are represented in range query. Here 

range represents the starting (upper bound) to the ending (lower bound). 

With range encoded bitmaps the bitmaps used and the operations performed to execute a query depend on 

the range being queried.  
(a) Missing Data is a Match 

(b) Missing Data is not a Match  

Fig.3  Interval Evaluation for Bitmap Range Encoding 

 This paper identifies three scenarios, depending on whether the range includes the minimum value or 

maximum value, or within the domain and either the minimum or maximum. Figures 3(a) and 3(b) show how the 

interval is evaluated for a single query attribute when missing data implies a match or does not imply a match 

respectively. In the presence of missing data, range encoded bitmaps are more efficient for range queries than 

equality encoded bitmaps in all but extreme cases. In the case where missing data is a query match, we will need 

to access between 1 and 3 bit vectors per query dimension. In databases without missing data, we would need to 

access between 1 and 2 bit vectors per query dimension. Some overhead is introduced to deal with the missing 

data case. In the case where missing data is not a match, we need to access between 1 and 2 bit vectors per query 

dimension. This is also true for databases without missing data, but there are two conditions, specifically the 

conditions where the query range includes the minimum domain value, that require 1 extra bit vector access. This 

is due to the fact that missing values are encoded as 1’s in all bitmaps and a XOR operation is required to 

eliminate missing data from the result set. 
TABLE 1 

 SMPLE DATA USINGRANGE ENCODING 

 
 

D. Naïve Probability Verification: 

 Finally when the limits are set and the data is filtered the remaining sets of tuples are verified for 

correctness of the dataset. The correctness is verified using the naïve verification method where the tuples left 

over are tested for the size, and the place where they have been misplaced. The verified tuples are then fetched 

and displayed as query result to the user. 
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IV. PERFORMANCE ANALYSIS 

The searching process is tested for Precision In information retrieval contexts, precision is defined in terms of a 

set of retrieved documents (e.g. the list of documents produced by a web search engine for a query) and a set 

of relevant documents (e.g. the list of all documents on the internet that are relevant for a certain topic). 

Precision: 

 In the field of information retrieval, precision is the fraction of retrieved documents that are relevant to 

the query: 

             
 {                  } {                   } 

 {                   } 
  

For example for text search on a set of documents precision is the number of correct results divided by the 

number of results that should have been returned. 

 

Fig.4  Precision Comparison 

The figure 4 demonstrates that the proposed system provides constant rate irrespective of the tuple size 

and provided better precision rate compared to the existing system.   

 

V. CONCLUSION 

This paper introduced an everlasting problem of dimension incomplete data where the data will be 

misplaced or the data is missing. Searching that type of data is very difficult. So to search and retrieve the data 

efficiently this paper uses indexing and the probability models to estimate the missing values and to model the 

data efficiently. Further the system is tested for the Accuracy (Precision) and compared with the system in [1] 

which doesn’t support the indexing. 
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