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Abstract— Now days the availability of the time and space 

of the data stream are increased due to the development to 

the sensors and the global positioning system development 

the system. Its very difficult task to the develop the model 

can mine the data stream with the such extensibility Its also 

difficult the analyze of the incoming data because the data 

streams Rate is very fast. Current state of art systems are 

either expensive or inaccurate in capturing changes in 

incoming data streams Also there can be an occurrence of 

dynamic changes in data distribution and is very important 

to be identified. To overcome these drawbacks a new system 

is proposed named KDE-track for which can keep a track of 

such spectrometric data streams. The system consists of an 

adaptive re-sampling which can solve the issue of 

inaccuracy in capturing changes in incoming data streams 

and thus, can estimate density dynamically. Also a new 

method is proposed for accurate and efficient selection of 

bandwidth for kernel density estimator. The experiments 

show KDE-track is leaving task for mining such data 

streams due to its state-of art systems in terms of 

performance. 
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I. INTRODUCTION 

KDE-Track system very use for to analyze and define high-

level needs and features of the KDE-Track: An Efficient 

Dynamic Density Estimator for Data Streams. It focuses on 

the capabilities needed by the stakeholders, and the target 

users. To provide the necessary and appropriate information 

to accurate the data distribution and any time point for 

visualizing and monitoring the data streams. The details of 

how the KDE-Track: An Efficient Dynamic Density 

Estimator for Data Streams. Fulfils these needs are detailed 

in the use-case and supplementary specifications. The 

design of the target system is provided. The various aspects 

of software like data, program, and interfaces are designed. 

The project sizing and scheduling, work breakdown 

structure is done. The test plan learning the KDE-Track: An 

Efficient Dynamic Density Estimator for Data Streams. is 

also provided through the same document. The data need to 

be processed and analyzed once they arrive. However, the 

unbounded, rapid and continuous arrival of data streams 

disallows the usage of traditional data mining techniques. 

Therefore, the development of algorithms for processing 

data streams instantaneously becomes highly important. To 

reduce the computational cost and space requirement of 

KDE, methods have been proposed based on kernel 

merging, sampling or space partitioning. Kernel merging is 

used in and where a specific number of kernels are 

maintained through merging two or more kernels. Each 

kernel summarizes a cluster of similar samples. A new 

arriving sample can either fall into one existing kernel or 

trigger a new kernel. Two kernels are merged if the number 

of kernels exceeds the specified number. Since merging 

kernels is a lossy approximation, cost functions. The three 

methods differ in the way of selecting the bandwidth value.  

Cluster Kernels (CK): It uses global bandwidth value for all 

kernels, Kernel uses different bandwidth for each kernel 

point and a KDE dense a set of local regions with minimum 

intra-density variations and uses different bandwidth value 

for each region. It monitors and visualizes the density and 

accuracy. 

A. Motivation 

To provide the necessary and appropriate information of 

traffic information, Density estimation is an important 

technique in stream mining for a wide variety of 

applications. However, existing techniques are either 

expensive or inaccurate and unable to capture the changes in 

the data distribution. We present a method called KDE-

Track to estimate the density of spatiotemporal data streams. 

In that dynamic density provide but in existing system that 

is not possible. Current project is very useful for traffic 

tracking system using KDE-Track method. 

B. Objective 

1) To develops the KDE-Track. 

2) To provides Login-Id to every user.  

3) To Monitors and visualizes the density of 

spatiotemporal streams.  

4) To calculated the accuracy of the selected bandwidth.  

5) To captures data distribution. 

C. Problem Statement  

KDE-Track: An efficient Dynamic Density Estimator for 

Data Streams The construction of kernel density estimators 

is the existing techniques are either expensive or inaccurate 

and unable to capture the changes in the data distribution. 

KDE-Track to estimate the density of spatiotemporal data 

streams KDE-Track can efficiently estimate the density 

function with linear time complexity using interpolation on 

a kernel model. 

II. RELATED WORK 

[1] “Nonparametric density estimation: Toward 

computational tractability”.  In this paper, present an 

algorithm for kernel density estimation, the chief, which is 

dramatically faster than previous algorithmic approaches in 

terms of both dataset size and dimensionality. Furthermore, 

the algorithm provides arbitrarily tight accuracy guarantees, 

provides anytime convergence, works for all common kernel 

choices, and requires no parameter tuning.  Density 

estimation is a core operation of virtually all probabilistic 

learning methods. Approaches to density estimation can be 
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divided into two principal classes, parametric methods, such 

as Bayesian networks, and nonparametric methods such as 

kernel density estimation and smoothing spines. While 

neither choice should be universally referred for all 

situations, a well known benefits of nonparametric methods 

is their ability to achieve estimation optimality for ANY 

input distribution as more data are observed, a property that 

no model with a parametric assumption can have, and one of 

great importance in exploratory data analysis and mining 

where the underlying distribution is decidedly unknown. 

[2]“M-Kernel  merging: Towards density estimation over 

data streams”.  In this paper, the problem of computing 

density Functions over data streams is examined. A novel 

method attacking this shortcoming of existing methods is 

developed to enable density estimation for large volume of 

data in linear time, fixed size memory, and without lose of 

accuracy. Introduces an effective and efficient algorithm 

calculating density function over data streams based on M-

Kernel merging. Since only fixed size memory is needed, 

regardless of the amount of data, it is suitable for streaming 

data. [3] “Regression model of the number of taxicabs in u. 

s. Cities”.  This paper can be use for in cities that control the 

number of taxicabs by law or regulation, setting the number 

of cabs is one of the most important decisions made by 

taxicab regulators and elected officials. Licensing either too 

many or too few cabs can have serious deleterious effects on 

the availability and quality of service and the economic 

viability of the taxi business. Yet local officials often have 

difficulty quantifying the demand for taxi service or tracking 

changes in demand. Multiple regressions modelling of the 

number of cabs in 118 U.S. cities identifies three primary 

demand factors: the number of workers commuting by 

subway, the number of households with no vehicles 

available, and the number of airport taxi trips.   [4] “Online 

outlier detection in sensor data using non-parametric 

models”.  Motivate technique in the context of the problem 

of outlier detection. We demonstrate how our framework 

can be extended in order to identify either distance or 

density-based outliers in a single pass over the data, and 

with limited memory requirements.  The context of the 

sensor networks makes these problems more challenging: 

First, sensors have limited resource capabilities, and second, 

data coming from many different streams may need to be 

examined dynamically, and combined to solve the problem 

at hand.  [5] “SOMKE: Kernel density estimation over data 

streams by sequences of self-organizing maps”. In this 

paper, a novel method smoke, For kernel density estimation 

(KDE) over data streams based on Sequences of self-

organizing map (SOM). In many stream data Mining 

applications, the traditional KDE methods are infeasible 

Because of the high computational cost, processing time, 

and Memory requirement. The main idea of this paper is to 

build a series of SOMs over the data streams via two 

operations that is, creating and merging the SOM sequences. 

The creation phase produces the SOM sequence entries for 

windows of the data, which obtains clustering information 

of the incoming data streams. Limitation: A System 

compare SOMKE with two other KDE methods for data 

streams, the M-kernel approach and the cluster kernel 

approach, in terms of accuracy and processing time for 

various stationary data streams. In this paper, presented a 

novel scheme, SOMKE, for KDE over data streams based 

on SOMs and Kullback Leibler divergence measure. 

SOMKE contains three operations: (a) developing the SOM 

sequence entries. (b) Merging the SOM sequence. (c) Final 

estimation. [6] “Efficiency in kernel density estimates for 

large data”. Randomized and deterministic algorithms with 

quality guarantees which are orders of magnitude more 

efficient than previous algorithms. Our algorithms do not 

require knowledge of the kernel or its bandwidth parameter 

and are easily parallelizable. We demonstrate how to 

implement our ideas in a centralized setting and in Map-

Reduce, although our algorithms are applicable to any large-

scale data processing framework.  These are essential 

statistical tools for large-scale data analysis and physical 

simulations. Our methods produce a core set representation 

of the data which can be used as proxy for the true data 

while guaranteeing approximation error on size and runtime.  

[7]”KDE-Track: An Efficient Dynamic Density Estimator 

for Data Streams”. In this paper, they present a method 

called KDE-Track to estimate the density of spatiotemporal 

data streams. KDE-Track can efficiently estimate the 

density function with linear time complexity using 

interpolation on a kernel model, which is incrementally 

updated upon the arrival of new samples from the stream.  

They propose an accurate and efficient method for selecting 

the bandwidth value for the kernel density estimator, which 

increases its accuracy significantly. Both theoretic analyses 

is an experimental validation show that KDE-Track 

outperforms a set of baseline methods on the estimation 

accuracy and computing time of complex density structures 

in data streams. [8] “SOMKE: Kernel density estimation 

over data streams by sequences of self-organizing maps”. 

This paper demonstrates how their framework can be 

extended in order to identify either distance or density based 

outliers in a single pass over the data, and with limited 

memory requirements. The context of the sensor networks 

makes these problems more challenging firstly, sensors have 

limited resource capabilities, and the second problem is that 

data coming from many different streams may need to be 

examined dynamically, and it need to combined to solve the 

problem at hand. 

III. EXISTING SYSTEM 

KDE-Track to Estimate Density of spatiotemporal data 

streams. KDE-Track can efficiently estimate the density 

function with linear time complexity using interpolation on 

a kernel model, which is incrementally updated upon the 

arrival of new samples from the stream an accurate and 

efficient method for selecting the bandwidth value for the 

kernel density estimator, which increases its accuracy 

significantly or parallel. Both are theoretical analysis and 

experimental validation or result show that KDE-Track 

outperforms a set of baseline methods on the estimation 

accuracy and computing time of complex density structures 

in data streams. The node plot using the map of API and 

they collect the point in N-grid point. User provides the 

source and distance. find the distance between from each 

and every route of source to destination by using the 

Euclidean distance and also find the centre point. When find 

the distance of point then calculate the kernel density. And 

again resample all point. Then next step adaptive re-

sampling model give the calculate accuracy and dynamic 

data. Exiting System  
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1) Disadvantage: 1.Its very costly. 2. Its required more 

time and space and not efficient.  

2) Modules: 1. Online kernel density. 2. Update re-

sampling. 

 
Fig. 1: Existing System Architecture. 

A. Algorithm Analysis of Existing System :  

Algorithm: Online Density Estimation In this algorithm 

modules are as follows :Plotting point, KDE method, 

updating sampling hence ,we completed user login and 

registration modules ,and the plotting point method and 

calculating bandwidth using the formula to accurate and also 

the running now we calculate the updated re-sampling after 

that then form the cluster the for the dense traffic area find 

In order to evaluate our method, we have run extensive 

number of experiments on synthetic data. Here we report the 

results for one 1D stream and one 2D stream. Since the true 

densities are known, we evaluate the performance of the 

density estimators by comparing the estimated densities with 

the true ones. We compare KDE-Track with many baseline 

methods in terms of estimation accuracy and running time. 

IV. PROPOSED SYSTEM 

The proposed system can be divided in following phases and 

Module: 

1) Phase I: Plotting Method First we plotting the method 

to the plot the point and the calculated the distance of 

between the two grid point then it calculated the 

estimated density of that point.  

2) Phase II: KDE-Track track calculates the online density. 

This model the distributed the streaming data as a grid 

of re-sampling points and their corresponding estimated 

density values. Density estimation using bilinear 

interpolation is based on constructing the grid of re-

sampling points and estimating their corresponding 

density values. 

3) Phase III: Update re-sampling the re-sampling model is 

the basis of our density estimator. The re-sampling 

points and their PDF values should be updated after 

receiving a new data point. In this update re-sampling 

for that comparing the window size and the number of 

point are receive. 1. Window size is less than number of 

point are receive then pilot bandwidth value at specific 

time is calculated using all receive points. 2. Window 

size is greater than number of point are receive then the 

pilot bandwidth is calculated on the most recently 

received windows size points.  

 

A. System diagram of proposed system  

 
Fig. 2: Proposed System Architecture. 

In above figure is the propose system diagram in 

the system the first node plotting for the N-grid format them 

to calculating the all plotted estimated density then its find 

the ebullient distance of the all point. Then its find the 

kernel density and the re-sampling of the at the point when 

the new sample are arrives calculated the density and update 

the new density of the all point the its use the adaptive re-

sampling model. Then it creates cluster of that data. Ulster 

can be calculated the finding the dense area of that region. 

B. Mathematical model 

Kernel Density Estimation(KDE) method due to its 

advantages for estimating the true density. Given a set of 

samples, S = fx1,x2,.xn, where xjRd. KDE estimates the 

density at a point x as: 

ḟ(x) =
1

n
+ ∑(Kh)(x, xj)

n

j=1

 

whereKh (x, xj) is a kernel function, which is 

usually a radically symmetric unmoral function that 

integrates Estimating the density at a using bilinear 

interpolation is done by linearly interpolating the density at 

mS1;mS1+1to estimate the density at rs1 and interpolating 

the density atmS2;mS2+1 to compute the density atrS2. The 

final step interpolates the density at rS1; rS2to find the 

required density at a. Let D(b ; c) be the Euclidean distance 

between b and c. The density at a will be computed as 

follows: 

 

ḟ(𝑎)  =
 𝐷(𝑎;  𝑟𝑠2) ḟ(𝑟𝑠1)  +  𝐷(𝑟𝑠1;  𝑎) ḟ(𝑟𝑠2)

𝐷(𝑟𝑠1;  𝑟𝑠2)
 

Where 

 

ḟ(𝑟𝑠1) 

=
𝐷(𝑟𝑠1; 𝑚𝑠1 + 1) ḟ(𝑚𝑠1)  +  𝐷(𝑚𝑠1;  𝑟𝑠1) ḟ(𝑚𝑠1 + 1)

𝐷(𝑚𝑠1; 𝑚𝑠1 + 1)
 

ḟ(𝑟𝑠2)  

=
𝐷(𝑟𝑠2; 𝑚𝑠2 + 1) ḟ(𝑚𝑠2)  +  𝐷(𝑚𝑠2;  𝑟𝑠2) ḟ(𝑚𝑠2 + 1)

𝐷(𝑚𝑠2; 𝑚𝑠2 + 1)
 

KDE interpolation is efficient as it stores only the 

function at the re-sampling points whose total number is in 

the constant order and is small compared to the stream size. 
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The running time for estimating the PDF for all n arriving 

data samples will be in O(nj, mj). 

C. Algorithms  

Class level node detections  

Input: Parameters: w (window size).  

Output: Online flow in: streaming data S ={x1, x2,.....xt}. 

Step 1: Online output: f(xt) (the PDF value at xt )  

Step 2: Procedure:  

Step 3: In the first step the all parameter initialize of that the 

algorithm 

Step 4: W ={x1........xw} update step= 0.05ω andM = ∅ fist 

plot the all node. Its calculated the all the equidistant 

distance of all nodes. 

Step 5: The computed the bandwidth to be calculated by hˆ 

= [ R(K) / µ2
2 R(F”)n ] 1/5. 

Step 6: Using for loop When the reminder k = 0 to set of 

point ∪1 − 1  

Step 7: Using for loop when the quotient l= 0 to set of point 

∪1 − 1 do 

Step 8: using the bandwidth and the calculated density 

values of f (ms) its calculated the density all the point.  

Step 9: Its put the all points the order pair representing a 

grid point and its estimated PDF. 

 Step 10: Ms = (ms, f (ms))  

Step 11: It take the Union of the of all the set of the grid 

point from ∪1 ∗ ∪2 with their densities.  

Step 12: End of for loop  

Step 13: End of for loop Step  

14: While a new sample xt arrives into the stream do  

Step 15: Its check if loop (1 ¡ t ¡ w) then calculated the 

Density estimation by interpolation, then  

Step 16: Else its Update the re-sampling model  

Step 17: Its remove the old node from the windows xt − w 

add the new sample point into the W set.  

Step 18: For each dimension i to be calculate the value to 

update the all value to upcoming the new sample  

Step 19: End for  

Step 20: For each dimension i do to calculated the new 

bandwidth  

Step 21: The density of the new sample point and Update the 

adaptive re-sampling  

Step 22: If check (time, update step) = 0 the calculated 

interval divide into the sub interval  

Step 23: If check sub interval is maximum the its store the 

temp variable and the its insert into ∪i  

Step 24: End if  

Step 25: If subinterval is less than 0.5 then its calculated 

dense and sparse area  

Step 26: End if Step  

27: End if  

Step 28: End if  

Step 29: Then its Density estimation by interpolation to be 

calculated the f(x)  

Step 30: It creating the clustering and to map the 

discredited density grid.  

Step 31: The clustering can be calculated dense area. 

V. RESULTS 

A. User Log 

 
Fig. 3:  User Login 

B. Starting Window 

 
Fig. 4: Starting Window 

C. Dense Area 1 

 
Fig. 5: Dense Area 1 



Improvised KDE-Track Based Efficient Dynamic Evaluation System for Data Stream Cluster 

 (IJSRD/Vol. 5/Issue 04/2017/392) 

 

 All rights reserved by www.ijsrd.com 1599 

D. Dense Area2 

 
Fig. 6: Dense Area 2 

E. Dense Area 3 

 
Fig. 7: Dense Area 3 

F. Performance Chart 

 
Fig. 8:  Performance Chart 

VI. CONCLUSION  

We conclude that the problem of estimating the dynamic 

density that comes with evolving spatiotemporal data 

streams. We proposed the KDE-Track method to timely 

track the evolving distribution and accurately estimate the 

probability density function of these data streams. The 

density function is available at any time point for visualizing 

and monitoring the data streams. The electiveness and 

efficiency of KDE-Track have been analytically studied and 

experimentally demonstrated on both synthetic data streams 

and real-world New York Taxi trips data. We will 

investigate the usage of estimated density for clustering, 

since ‘dense areas are explicitly indicated by the estimated 

densities. KDE-Track method to timely track the evolving 

distribution and accurately estimate the probability density 

function of these data streams. The density function is 

available at any time point for visualizing and monitoring 

the data streams. The electiveness and efficiency of KDE-

Track have been analytically studied and experimentally 

demonstrated on both synthetic data streams. 
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