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Abstract
It has long been known that Dynamic Time Warping (DTW) is 
superior to Euclidean distance for classification and clustering 
of time series. However, until lately, most research has utilized 
Euclidean distance because it is more efficiently calculated. 
A recently introduced technique that greatly mitigates DTWs 
demanding CPU time has sparked a flurry of research activity. 
However, the technique and its many extensions still only allow 
DTW to be applied to moderately large datasets. In addition, 
almost all of the research on DTW has focused exclusively on 
speeding up its calculation; there has been little work done on 
improving its accuracy. In this work, we target the accuracy aspect 
of DTW performance and introduce a new framework that learns 
arbitrary constraints on the warping path of the DTW calculation 
Apart from improving the accuracy of classification, our technique 
as a side effect speeds up DTW by a wide margin as well. Along 
with specified approached kernel functions are used to predict the 
behavioral patterns of the time series. IN this paper polynomial 
and sigmoid kernel estimates are used.
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I. Introduction
A Time Series (TS) is a sequence of observations ordered in 
time. Mostly these observations are collected at equally spaced, 
discrete time intervals. When there is only one variable upon which 
observations are made then we call them a single time series or 
more specifically a univariate time series. A basic assumption 
in any time series analysis/modeling is that some aspects of the 
past pattern will continue to remain in the future. Also under this 
set up, often the time series process is assumed to be based on 
past values of the main variable but not on explanatory variables 
which may affect the variable system. So the system acts as a 
black box and we may only be able to know about ‘what’ will 
happen rather than ‘why’ it happens. So if time series models are 
put to use, say, for instance, for forecasting purposes, then they 
are especially applicable in the ‘short term’. Here it is tacitly 
assumed that information about the past is available in the form 
of numerical data. Ideally, at least 50 observations are necessary 
for performing TS analysis/ modeling, as propounded by Box and 
Jenkins who were pioneers in TS modeling.
As far as utility of time series modeling in agriculture is concerned, 
its application in the area of statistical forecast modeling needs 
hardly any emphasis. Lack of timely forecasts of, say, agricultural 
production, especially short−term forecasts has often proved to be 
a major handicap to planners. Various statistical approaches viz. 
regression, time series and stochastic approaches are in vogue for 
arriving at crop forecasts. Every approach has its own advantages 
and limitations. Time series models have advantages in certain 
situations. They can be used more easily for forecasting purposes 
because historical sequences of observations upon study variables 
are readily available from published secondary sources. These 
successive observations are statistically dependent and time 

series modeling is concerned with techniques for the analysis 
of such dependencies. Thus in time series modeling [12],the 
prediction of values for the future periods is based on the pattern 
of past values of the variable under study, but not generally on 
explanatory variables which may affect the system. There are 
two main reasons for resorting to such time series models. First, 
the system may not be understood, and even if it is understood 
it may be extremely difficult to measure the cause and effect 
relationship, second, the main concern may be only to predict 
what will happen and not to know why it happens. Many a time, 
collection of information on causal factors (explanatory variables) 
affecting the study variable(s) may be cumbersome /impossible 
and hence availability of long series data on explanatory variables 
is a problem. In such situations, the time series [11] models are a 
boon for forecasters [4-5].

II. Time Series Prediction
In statistics, signal processing, econometrics and    mathematical 
finance, a time series is a sequence of data points, measured 
typically.

The Time Series Data Mining (TSDM)     framework, 1. 
introduced by this dissertation, is a fundamental contribution 
to the fields of time series analysis and data mining [6-7]. 
The TSDM framework are able to methods based on 2. 
successfully characterize and predict [2-3]. 
Complex • 
Non-periodic, • 
Irregular, and  • 
Chaotic time series.• 
This work promotes a new architecture for time series 3. 
prediction, for tackling the challenges proposed in the 
literature.
Proposing Smoothing Algorithm [14] is used to increase the 4. 
performance gain by reducing the noise component.

III. Time Series Components and   Decomposition
An important step in analysing TS data is to consider the types 
of data patterns, so that the models most appropriate to those 
patterns can be utilized. Four types of time series components 
can be distinguished. They are

Horizontal − when data values fluctuate around a constant • 
value.
Trend − when there is long term increase or decrease in the • 
data.
Seasonal − when a series is influenced by seasonal factor and • 
recurs on a regular periodic basis.
Cyclical − when the data exhibit rises and falls that are not • 
of a fixed period.
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Fig. 1: Time Series Classification and Prediction using Kernel 
Estimates Architecture.

IV. Limitations of Existing  Approach
Kernel methods such us Gaussian Process Regression  and Least 
Square Support Vector Machines have been succesfully applied to 
regression and function approximation problems. Although they 
present a good performance, obtaining very accurate results, they 
present some drawbacks:

The selection of the kernel function could be difficult.• 
The optimization of the parameters of the kernel function is • 
computation ally intensive, because they require the evaluation 
of some cross validation procedure or some Bayesian criteria 
with a complexity of O(N ) = N 3 ,where N is the number 
of training point.
The generated models could be huge, because they include • 
all training data inside.

V. Kernel Estimate
A kernel is a weighting function used in non-parametric estimation 
techniques. Kernels are used in kernel density estimation to 
estimate [15].

A. A Kernel for Periodic Time Series

Since the cross-correlation function is not positive semidefinite, 
we propose an alternative kernel function that can be used in 
place of the cross-correlation function with kernel methods. To 
motivate our choice consider first the kernel.
Note that here K iterates over all possible shifts, so that we 
no longer choose the best alignment but instead aggregate the 
contribution of all possible alignments. This seems to lose the 

basic intuition behind cross-correlation and it is indeed not a good 
choice. On closer inspection we can see that

So K just calculates the product of the sums of the shifted vectors. 
In particular, if the data is normalized as mentioned above then 
this is identically zero. Instead our kernel weights each shift with 
exponential function so that shifts with high correlation are highly 
weighted and shifts with low correlation have smaller effect.
For real-world data we use time series [19] from astronomy 
surveys, and time series generated from contours of 2-d images. 
For artificial data, we generate examples that highlight the 
importance of phase invariance in an intuitive fashion. We use 
the same pre-processing for all time series, unless otherwise noted. 
The time series are smoothed, linearly-interpolated to 1024 evenly 
spaced points, and normalized to have mean of 0 and standard 
deviation of 1.
In all experiments we use the LIBSVM and decision tree to 
perform classification. For LIBSVM, we choose the “one-versus-
one” multiclass setting, and we do not optimize the soft-margin 
parameter, instead using the default setting. There are two types 
of kernels [16]: 

B. Polynomial Kernel
The polynomial kernel function is directional, i.e. the output • 
depends on the direction of the two vectors in low-dimensional 
space. 
This is due to the dot product in the kernel. All vectors with • 
the same direction will have a high output from the kernel
The magnitude of the output is also dependent on the • 
magnitude of the vector.
From these observations, polynomial kernels are suited for • 
problems where all the training data in normalised.

C. Sigmoid Kernel
The sigmoid kernel was quite popular for support vector • 
machines [8, 17] due to its origin from neural networks.
However, as the kernel matrix may not be positive semidefinite • 
(PSD), it is not widely used and the behavior is unknown. 
Based on the investigation of parameters in different ranges, • 
we show that for some parameters, the kernel matrix is 
conditionally positive definite (CPD), a property which 
explains its practical viability.
Experiments are given to illustrate our analysis.  Finally, • 
we discuss how to solve the non-convex dual problems by 
SMO-type decomposition methods.

VI. Model Selection
In  the training and evaluation process, the objective of a combined 
system is to select the individual model outputs in one or many 
subsets and combine them in one or many steps, such that the 
final combined output is closest to the true output for a number of 
validation cases, i.e., the validation error rate is minimized. At each 
level, subsequent processes of selection and fusion of outputs can 
be carried out until the final output is obtained. Different criteria 
for selection can be applied in every step. In our prototype of an 
architecture with  the ensemble of kernel estimate, the first level is 
occupied by k groups of predictors with on average M=k predictors 
in each group. Each group is trained on different parts of the data, 
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which have been randomly permutated and partitioned to obtain 
disjoint data subsets. Our selection strategy promotes a single best 
predictor from each of the k cross-validation groups to the next 
step, at which a subset of the desired number of best predictors 
is selected and their outputs are ultimately combined by means 
of an average operator to return the final prediction.

VII. Ensemble Generation
Given many diverse and well-performing predictors, it is possible to 
construct an ensemble of regressors that would jointly outperform 
any individual regression model. The ensemble concept has a 
slightly different notion than the combinations mentioned earlier, 
as ensembles group individual methods sharing one functional 
approach, but differ in, for example, parametrization or training 
data used. More attention is, furthermore, given to the interaction 
of predictors. There are many ways the individual models can 
be combined in an ensemble: the simplest is just by averaging 
the individual models’ outputs, and another popular method is 
the linear combination of outputs .Complexity of such systems 
dramatically increases, but it can be controlled by adjusting 
the number of individual models and their internal complexity. 
Ensembles give the designer a lot of power and flexibility in 
designing and tuning the combined prediction model that could 
lead to a significant prediction performance gain compared to any 
individual predictor of the ensembles [18].

VIII. Experimental Results
All experiments were performed with the simple and medium size 
Kernel estimates are useful. 

Fig. 2:

Fig. 3:

These are the input screenshot given to the Time Series 
Classification and Prediction using Kernel Estimates.

Fig. 4:  

This screenshot finally we click the view button as shown in the 
missing value estimation for mixed-attribute data sets [9]. 

Fig. 5:

This screenshot is shown as the no missing value.

Fig. 6:  

This screenshot is shown as the with missing values.
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Fig. 7:
 
These are the outputs screenshots given to the Time Series 
Classification and Prediction using Kernel Estimate.            

IX.  Conclusion
In this paper we introduced the kernel estimate algorithm .This work 
promotes a new architecture for time series prediction, tackling 
recently arising challenges of a generally increasing volume 
of time series data exhibiting complex nonlinear relationships 
between its multidimensional features and outputs. It combines a 
multilevel architecture of highly robust and diversified individual 
prediction models with operators for fusion and selection that can 
be applied at any level of the structure.The results also showed 
that an ensemble of individual models can perform much better if 
it adopts the proposed architecture. These conclusions were valid 
across many different time series, which gives an inspiration to 
use the proposed architecture as a guidance to define a general 
framework for building a combined prediction system.
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