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Abstract— With increasing trend of 

time series data accessibility, accurate 

prediction is a challenging one. In 

order to improve the prediction 

accuracy and minimize the 

complexity, a Polynomial Kernel 

Feature Selection based Trimmed 

Bootstrap Aggregating Data 

Classification (PKFS-TBADC) 

technique is introduced. The PKFS-

TBADC technique includes two 

processes, namely Polynomial Kernel-

based Feature Selection and Trimmed 

Bootstrap Aggregating Data 

Classification for predicting future 

outcomes. Polynomial Kernel Feature 

Selection process is carried out to 

select relevant features for 

performing data classification. 

Trimmed Bootstrap Aggregating Data 

Classification is carried out for 

performing the predictive analysis 

with time series data by constructing 

weak learner (i.e. C4.5). The weak 

learner results are combined to 

provide accurate classification with 

minimum out of sample error. This 

helps to improve prediction accuracy 

and reduce false-positive rate. 

Experimental evaluation is carried 

out on prediction accuracy, false-

positive rate, time complexity, and 

space complexity with respect to 

number of time series data. From the 

results PKFS-TBADC technique 

achieves higher prediction accuracy 

with minimum complexity and false-

positive rate than state-of-the-art 

methods. 
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1.INTRODUCTION 

 
Time series data classification is an 

important research area in machine 

learning to predict future events with 

lesser complexity. A multivariate 

convolutional neural network 

(MVCNN) was developed in [1] for 

classifying time series data. But, 

accurate classification was not 

performed by MVCNN technique. 

Multivariate and Multi-Output Weighted 

Nearest Neighbor’s (MV-kWNN) 

classification algorithm was designed in 

[2] for time-series data prediction. The 

algorithm failed to minimize prediction 

time and space complexity. 

Cycle Deep Belief Network method 

was developed in [3] to categorize the 

time series data with minimum error 

rate. The designed method failed to 

consider the performance of complexity 

involved in data classification. A Long 

Short Term Memory and Fully 

Convolutional Network (LSTM-FCN) 

was introduced in [4] for categorizing 

the multivariate time series data. But the 

performance of false-positive rate 

remained unaddressed. A multiobjective 

model-metric (MOMM) learning was 

developed in [5] for time series 
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prediction through the classification. 

The model has high computational 

complexity and the performance of the 

classification was not improved. An 

information geometry framework was 

introduced in [6] to classify time series 

data in tangent space. The performance 

of framework was not enhanced due to 

high time complexity.  

An effective online gradient learning 

model was designed in [7] for predicting 

time series data with minimum error. 

But, prediction time was not minimized. 

Relative Position Matrix and 

Convolutional Neural Network 

(RPMCNN) was developed in [8] for 

performing time series data 

classification task. But, designed method 

failed to use ensemble learning for 

processing more time series data. An 

XGBoost classifier based on shapelet 

features (XG-SF) was developed in [9] 

to enhance time series data classification 

accuracy. The designed technique failed 

to apply on big data platform. A 

fragment alignment distance algorithm 

was developed in [10] for time series 

data classification through similarity 

detection. But, classification accuracy 

was not improved.  

The existing classification techniques 

have limitations such as lesser 

prediction accuracy, more complexity 

and higher false-positive rate and so on. 

In order to overcome the issues, PKFS-

TBADC is introduced. The contribution 

of PKFS-TBADC technique is described 

as follows, 

PKFS-TBADC technique is 

introduced to achieve higher prediction 

accuracy by applying polynomial kernel 

function. Kernel measures similarity 

between objective and features in input 

dataset with degree of polynomials. 

Features are mapped from input space 

into two subsets namely relevant and 

irrelevant. The relevant feature subset is 

selected for classification and irrelevant 

feature subset is removed to minimize 

time and space complexity.   

PKFS-TBADC technique uses 

Trimmed Bootstrap Aggregating 

algorithm for accurate time-series data 

classification. Trimmed Bootstrap 

Aggregating classifier uses C4.5 

decision tree as weak learner to classify 

data. Ensemble technique trimmed weak 

classifier with higher error rate to 

improve prediction accuracy  

The rest of paper is structured as. In 

Section 2, problem definition and detail 

explanation of proposed PKFS-TBADC 

technique are presented. In Section 3, 

experimental is performed with time 

series dataset. The results of various 

parameters are discussed in Section 4. In 

section 5, reviews related works in time 

series data analysis. Finally, conclusion 

is presented in Section 6.     

 

2. METHODOLOGY 

 
POLYNOMIAL KERNEL 

FEATURE SELECTION BASED 

TRIMMED BOOTSTRAP 

AGGREGATING DATA 

CLASSIFICATION 

 

Time Series data analysis is a 

challenging problem in data mining due 

to increasing nature of time series data 

availability. The number of features and 

instances presented in dataset may 

increase prediction risk. Dimensionality 

reduction minimizes number of 

irrelevant features in dataset. The 

relevant feature selection and irrelevant 

feature removal is significant one for 

dimensionality reduction. Based on this 

motivation, Polynomial Kernel Feature 

Selection based Trimmed Bootstrap 

Aggregating Data Classification (PKFS-

TBADC) technique is introduced. 

PKFS-TBADC technique comprises 

the two major processes namely feature 

selection and classification. The feature 

selection is performed using polynomial 

kernel function.  Secondly, Trimmed 

Bootstrap Aggregating technique is used 

for classifying time series data with 

selected features for predicting future 

events. Bootstrap aggregating is a 

machine learning ensemble technique 

designed to improve accuracy of 

statistical classification. The two 

processes of PKFS-TBADC technique 

are described in following subsections. 
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2.1 POLYNOMIAL KERNEL 

FUNCTION BASED FEATURE 

SELECTION 

 

Feature Selection is process of 

choosing relevant features for predicting 

future events. Kernel function measures 

similarity between feature vector and 

objective function (i.e. prediction). The 

process of polynomial kernel-based 

feature selection is shown in figure 1 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 1 shows polynomial kernel-based 

feature selection through similarity 

measure. Let us consider time series 

dataset and number of features 

F1,F2,F3,…,Fn. The similarity is 

measured as, 

 

𝑘 (𝐹𝑖, 𝑂) =  (𝐹𝑖. 𝑂 +  𝑏)𝑛   (1) 

In (1), K(Fi,O) denotes kernel 

function i.e. similarity between features 

Fi and objective function ‘O’, Fi denotes 

feature vector in input space, b 

represents constant i.e. b>0, n denotes 

degree of polynomial. Based on 

similarity, kernel function is used for 

mapping features in input space into 

feature space. The mapping is expressed 

as, 

 

𝜑 ∶ 𝐹𝑖   →   𝐹𝑠    (2) 

In (2),φ denotes mapping function, Fi 

represents feature in input space, Fs 

denotes features in subset. In feature 

space, two subsets are obtained such as 

relevant (S1) and irrelevant (S2). The 

relevant features are selected for time 

series data prediction and In (2),φ 

denotes mapping function, Fi represents 

feature in input space, Fs denotes 

features in subset. In feature space, two 

subsets are obtained such as relevant 

(S1) and irrelevant (S2). The relevant 

features are selected for time series data 

prediction and removed other features to 

minimize time as well as space 

complexity. The polynomial kernel 

based feature selection algorithm is 

described as follows, 

Algorithm 1 polynomial kernel-based 

feature selection   algorithm 

As given in the above algorithm, the 

feature selection process is carried out 

for predictive analytics using 

polynomial kernel function. The 

polynomial kernel measures the 

similarity between the features subset 

and the objective. The more similar 

features are mapped into the relevant 

feature subsets.  The irrelevant feature 

subsets are removed therefore the 

complexity involved in classifying the 

results is said to be less and hence the 

accurate prediction is achieved. 

 

2.2 TRIMMED BOOTSTRAP 

AGGREGATIVE CLASSIFIER  

Input: Time series dataset Dt,   

Output: select relevant features 

Begin 

1. Extract the number of features 

 F1, F2, F3, … . Fn from Dt 

2.   for each feature  Fi 

3.         Measure the polynomial 

kernel 𝑘 (𝐹𝑖, 𝑂) 

4.         Map the features into 

subsets 𝜑 ∶ 𝐹𝑖   →   𝐹𝑠   
5.         Select relevant features 

subset 

6.         Remove the relevant 

features subset 

7.   end for 

end 

Measure 

similarity   

Time series 

data 
F1, F2, F3, … . . Fn 

Extract number of 

features  

Maps 

features 

into 

subsets  

Select 

relevan

t 

feature 

subset 
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After selecting features, data 

classification is done with Trimmed 

Bootstrap Aggregative classifier. 

Bootstrap Aggregative classifier is an 

ensemble classifier used to improve 

classification accuracy by constructing 

weak learners. The weak learner is base 

classifier which provides less accurate 

classification results. Bagging is a strong 

classifier which provides accurate 

results. The proposed PKFS-TBADC 

technique uses ensemble classifier for 

time series data prediction. The structure 

of ensemble classifier is shown in figure 

2. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 2 structure of the Trimmed 

bootstrap aggregating classifier 

Figure 2 illustrates the structure of the 

Trimmed bootstrap aggregating 

classifier for classifying the given input 

data with higher accuracy. Let us 

consider the training sets {xi,yi} where 

xi denotes a bootstrap samples (i.e. input 

data with the extracted features) and yi 

represents a classification results. The 

bootstrap aggregating classifier initially 

constructs an empty set of ‘m’ weak 

learners m1,m2,m3,…mm. The trimmed 

bootstrap aggregating classifier uses the 

c4.5 decision tree as a weak learner to 

classify the time series data. C4.5 

algorithm starts with root node. At every 

node of the tree, C4.5 selects the feature 

value i.e. data that efficiently classified 

into one class or the other. The splitting 

strategy of the algorithm is based on the 

mutual information. The attribute value 

with the value of mutual information is 

selected and creates the decision for data 

classification.   

Let us consider the training feature 

value i.e. data dt1,dt2,dt3,…dtn as the 

input of the bootstrap aggregating 

classifier. The root node of the tree 

measures the mutual information 

between the training feature value and 

the testing feature value to perform the 

classification. The mutual information is 

accurately and efficiently shows the 

dependence between the training feature 

value and testing feature value. This 

kind of dependence metric is used to 

quantify the correlation and it is used as 

the judgment criterion of decision.  The 

mutual information is mathematically 

calculated as follows 

𝑀𝐼(𝑑𝑡𝑖, 𝑑𝑠𝑗) =

∑ 𝑝𝑟(𝑑𝑡𝑖, 𝑑𝑠𝑗) log
𝑝𝑟(𝑑𝑡𝑖,𝑑𝑠𝑖)

𝑝𝑟(𝑑𝑡𝑖) 𝑝𝑟(𝑑𝑠𝑖)
  (3) 

In (3), MI denotes mutual 

information, dti denotes training feature 

value, dsj represents the testing feature 

value, pr(dti,dsj) denotes joint 

distribution probability, pr(dti) and 

pr(dsi) denotes a marginal probability. 

Based on mutual information measure, 

root node classified data into different 

classes.  

𝑀𝐼(𝑑𝑡𝑖, 𝑑𝑠𝑗) =

{
1 ,    𝑑𝑡𝑖, 𝑑𝑠𝑗  𝑎𝑟𝑒 𝑑𝑒𝑝𝑒𝑛𝑑𝑒𝑛𝑡 

0,       𝑑𝑡𝑖 , 𝑑𝑠𝑗𝑎𝑟𝑒 𝑖𝑛𝑑𝑒𝑝𝑒𝑛𝑑𝑒𝑛𝑡
    (4) 
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By using (4), mutual information 

with category is 1 denotes two data is 

dependent. The mutual information 

returns ‘0’ denoting two data is 

independent. Based on dependence 

measure, time series data are classified 

into two or more classes. Weak learner 

output has some training error in 

classification. Therefore, set of weak 

learner results are combined to make 

strong classification. The strong 

classification results obtained as, 

𝑦𝑖 = ∑ 𝑤𝑖 (𝑥)𝑚
𝑖=1   (5) 

In (5), yi represents the ensemble 

classification results, wi(x) denotes an 

output of the decision tree classifier. 

After combining, the out of sample error 

is calculated for each classifier 

outcomes. The out of sample error is 

calculated as the difference between the 

expected and empirical (i.e. observed) 

error. The error rate is mathematically 

calculated as follows,  

𝐸𝑠 = 𝐸𝑒𝑥 − 𝐸𝑜𝑑   (6) 

From (6) Es denotes an out of sample 

error, Eex represents the expected error, 

Eod denotes an observed error. Based on 

the error value, the classifiers are 

arranged as follows, 

𝐸𝑠(𝑤1 (𝑥)) ≤ 𝐸𝑠(𝑤2 (𝑥)) ≤

𝐸𝑠(𝑤3 (𝑥)) ≤ ⋯ . 𝐸𝑠(𝑤𝑚 (𝑥))   (7) 

From (7), the trimmed bootstrap 

aggregating classifier trims off the 

“worst” classifiers which having the 

largest error rates. Then the aggregating 

classifier takes an average of 

classification results and provides most 

accurate classifiers. The final output of 

trimmed bootstrap aggregating 

classification is given below, 

𝑦𝑖 = avg
𝑚

 𝑤 (𝑥) (8) 

     In (8), yi represents the predicted 

output of final classification results, avg 

denotes an average function to find 

accurate classification of samples whose 

decision is known to m
th
 classifier. 

Therefore, bagging classifier improves 

prediction process and minimizes false 

positive rate. The algorithmic process of 

proposed ensemble classification results 

are shown below, 

Input: Number of training data i.e. 

bootstrap samples  

𝑑𝑡1, 𝑑𝑡2, 𝑑𝑡3, … . 𝑑𝑡𝑛 ,  

Output: Improve prediction accuracy 

Begin  

1. Construct ‘m’ decision trees 

with training data 𝑑𝑡1, 𝑑𝑡2, 𝑑𝑡3, … . 𝑑𝑡𝑛 

2.    Find the mutual information 

between  𝑑𝑡𝑖 and 𝑑𝑠𝑗 

3.       If (𝑀𝐼(𝑑𝑡𝑖 , 𝑑𝑠𝑗) = 𝟏) then 

4.            Dependence  between 𝑑𝑡𝑖 

and 𝑑𝑠𝑗 

5.       else 

6.           Independence  between 𝑑𝑡𝑖 

and 𝑑𝑠𝑗 

7.      end if 

8.       Combine a set of weak learners 

∑ 𝑤𝑖 (𝑥)𝑚
𝑖=1  

9.      For each 𝑤𝑖 (𝑥) 

10.        Calculate the out of sample 

error ‘ 𝐸𝑠’ 

11.    end for 

12.         Arrange 𝑤𝑖 (𝑥) based on out 

of sample error  𝐸𝑠 

13.         Trim 𝑤𝑖 (𝑥) with high error  

14.          Average all the classification 

results 𝑦𝑖 = avg𝑚  𝑤 (𝑥)  

15.   Obtain strong classification 

results 

 end 

Algorithm 2 trimmed Bootstrap 

Aggregating Data Classification 

 

Algorithm 2 describes algorithmic 

process of trimmed bootstrap 

aggregating classifier. The ensemble 

classifier constructs set of weak 

classifiers with training data. The weak 

learner measures mutual dependence 

between training feature value and 

testing feature value. Based on mutual 

dependence, weak learner classifies time 

series data into different classes. The 

weak classification results are summed 

to make strong one. The out of sample 

error is calculated for each classification 

results. Weak learners are ordered based 

on error value. The ensemble classifiers 

trim highest error classification results 

and obtain strong results by averaging 

least error classification results to 
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improve the prediction accuracy and 

minimize false positive rate. 

 

3.EXPERIMENTAL  

EVALUATION AND  

PARAMETER SETTINGS 

 
      An experimental evaluation of 

PKFS-TBADC technique and existing 

techniques namely MVCNN [1] and 

MV-kWNN [2] are carried out using 

Java language. The time-series data are 

collected from Hurricanes and 

Typhoons, 1851–2014 dataset 

(https://www.kaggle.com/noaa/hurrica
ne-database) for cyclone prediction 

through the classification. The dataset 

consists of 22 attributes and 49,105 

instances for Atlantic Ocean and 26,138 

instances for eastern Pacific Ocean. The 

tropical cyclones in Atlantic Ocean are 

predicted through the experimental 

evaluations with time series data taken 

in the range from 1000-10000.  

 

4.PERFORMANCE 

ANALYSIS AND RESULTS 

DISCUSSION 

 
The comparative analysis of 

proposed PKFS-TBADC technique and 

existing MVCNN [1] and MV-kWNN 

[2] are discussed in this section. 

Performance analyses of PKFS-TBADC 

technique are compared with existing 

results with parameters, namely 

prediction accuracy, false positive rate, 

time complexity and space complexity 

with help of table or graph.    

 

4.1 IMPACT OF PREDICTION 

ACCURACY 

 

Prediction accuracy is measured as 

the ratio of numbers of (no. of) data 

correctly classified to the total number 

of data. It is measured in percentage and 

mathematically calculated as, 

𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛 𝑎𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =

(
𝑁𝑜.𝑜𝑓 𝑑𝑎𝑡𝑎 𝑐𝑜𝑟𝑟𝑒𝑐𝑡𝑙𝑦 𝑐𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑒𝑑

𝑁𝑜.𝑜𝑓 𝑑𝑎𝑡𝑎
) ∗ 100

 
     

(9) 

Table 1 prediction accuracy versus the 

number of data 

No. of 

data 

Prediction accuracy (%) 

PKFS-

TBADC 
MVCNN 

MV-

kWNN 

1000 95 91 89 

2000 94 90 88 

3000 93 88 86 

4000 92 86 84 

5000 91 85 83 

6000 90 84 82 

7000 89 83 80 

8000 88 82 78 

9000 87 79 77 

10000 86 78 76 

 

Table 1 describes the performance 

results of prediction accuracy versus 

number of time series data taken in the 

range from 1000 to 10000. The ten 

different results of three methods PKFS-

TBADC technique, MVCNN [1], MV-

kWNN [2] are reported in table 1. The 

table values show that the prediction 

accuracy is considerably improved than 

the existing techniques.  This 

improvement is achieved by applying 

trimmed bootstrap classifier. The 

ensemble classifier uses the empty set of 

weak learners to classify the data based 

on mutual information. The strong 

classification results are obtained by 

combining weak classifier which 

improves the cyclone prediction 

accuracy in Atlantic Ocean. The 

prediction accuracy is improved by 7% 

and 10% using PKFS-TBADC 

technique as compared to MVCNN [1], 

MV-kWNN [2] respectively. 

 

4.2 IMPACT OF FALSE-POSITIVE 

RATE  

 

False-positive rate (FPR) is measured 

as ratio of no.of data incorrectly 

classified to total no. of data for cyclone 

prediction. FPR is measured in terms of 

percentage (%) and computed as,  

𝐹𝑎𝑙𝑠𝑒 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒 𝑟𝑎𝑡𝑒 =

(
 𝑁𝑜.𝑜𝑓 𝑑𝑎𝑡𝑎 𝑖𝑛𝑐𝑜𝑟𝑟𝑒𝑐𝑡𝑙𝑦 𝑐𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑒𝑑

𝑁𝑜.𝑜𝑓 𝑑𝑎𝑡𝑎
) ∗

100    (10) 
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Figure 3 Comparison of the false-

positive rate 

 

Figure3 illustrative that the performance 

results of the false-positive rate with 

respect to a number of data taken from 

the dataset. The graphical results infer 

that the false positive rate is found to be 

minimized using PKFS-TBADC 

technique than two existing methods. 

This is because of using trimmed 

bootstrap classifier. The trimming 

ability of classifier provides accurate 

classification results than conventional 

technique. The proposed ensemble 

classifier combines all weak classifier 

results and measures out of sample 

error. The larger error rates of the weak 

classifier results are trimmed. The 

classification results with a lesser error 

are selected as final results. This helps in 

reducing the false positive rate. The 

false positive rate is minimized by 39% 

and 47% when compared to existing 

MVCNN [1], MV-kWNN [2] 

respectively. 

 

4.3 IMPACT OF TIME 

COMPLEXITY  

 

       Time complexity is referred to as 

the amount of time taken for cyclone 

prediction through the classification of 

the weather data. The time complexity 

of data classification is calculated as,    

𝑇𝐶 =
𝑁𝑜. 𝑜𝑓 𝑑𝑎𝑡𝑎 ∗
𝑇 (𝑐𝑙𝑎𝑠𝑠𝑖𝑓𝑦𝑖𝑛𝑔 𝑠𝑖𝑛𝑔𝑙𝑒 𝑑𝑎𝑡𝑎)  (11) 

 

From (11), TC represents the time 

complexity, ‘T’ denotes a time for 

classifying single data .The time 

complexity is measured in the unit of 

milliseconds (ms).  

 

Table 2 time complexity versus no. of 

data 

No. of 

data 

Time complexity (ms) 

PKFS-

TBADC 
MVCNN 

MV-

kWNN 

1000 26 29 32 

2000 30 34 36 

3000 32 36 39 

4000 34 41 44 

5000 38 43 45 

6000 41 45 48 

7000 45 48 53 

8000 50 53 56 

9000 53 55 61 

10000 58 61 65 

 

Table2 given above shows the 

experimental results of time complexity 

with the number of data in the range 

from 1000 to 10000. The results clearly 

show that the time complexity of PKFS-

TBADC technique is minimized than 

conventional classification techniques. 

This improvement is achieved by 

performing the feature selection. The 

dataset with more features causes more 

time complexity in cyclone prediction. 

PKFS-TBADC technique uses 

polynomial kernel to map the features in 

the input space into subsets through the 

similarity measure. The ensemble 

technique classifies the data with the 

selected relevant features resulting in 

minimizes the time complexity. From 

this result, time complexity using PKFS-

TBADC technique was lesser by 9% 

when compared to state-of-the-art 

methods.  

 

4.4 IMPACT OF SPACE 

COMPLEXITY  

 

Space complexity is measured as an 

amount of memory space taken by the 

algorithm for cyclone prediction. The 

formula for calculating the space 

complexity is measured as follows, 

𝑠𝑝𝑎𝑐𝑒 𝑐𝑜𝑚𝑝𝑙𝑒𝑥𝑖𝑡𝑦 = 𝑛𝑜. 𝑜𝑓 𝑑𝑎𝑡𝑎 ∗
𝑠𝑝𝑎𝑐𝑒 (𝑠𝑡𝑜𝑟𝑖𝑛𝑔 𝑜𝑛𝑒 𝑑𝑎𝑡𝑎)     (12) 

 

From (12), the space complexity is 

measured in terms of megabytes (MB). 

F
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%
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No. of data  

PKFS-

TBAD
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Figure 5 given below illustrates the 

graphical representation of the space 

complexity of ten different results. 

 
Figure 4 comparison of space 

complexity   

 

Figure4 depicts graphical 

representation of space complexity using 

PKFS-TBADC technique, MVCNN [1], 

MV-kWNN [2]. The results inferred that 

space complexity is found to be 

comparatively lesser using the PKFS-

TBADC when compared to existing 

classification techniques. This is due to 

application of polynomial kernel-based 

feature selection and ensemble 

classification. By applying two 

algorithms, dimensionality of data is 

minimized. The more relevant features 

and their data used for classification 

process. Followed by, ensemble 

classifier performs cyclone prediction 

with lesser complexity. The average 

results shows space complexity of 

PKFS-TBADC technique is minimized 

by 10% than tMVCNN [1] and 17% 

when compared to MV-kWNN [2]. 

 

5. RELATED WORKS 

 
The hidden-unit logistic model 

(HULM) was designed in [11] for 

multivariate time-series classification. 

But, performance of the data 

classification was not improved.  A 

Hybrid appliance classification 

technique was developed in [12] for 

time series data with features extraction. 

Though the technique minimizes the 

false positive rate, the time complexity 

was not minimized. A multi-objective 

optimization method was designed in 

[13] for classifying the time series data. 

But, the prediction was not improved 

with lesser time consumption. A 

Distributed FastShapelet Transform 

algorithm was designed in [14] to 

improve time series data classification 

based on the MapReduce. Though the 

algorithm minimizes the complexity, the 

accuracy was not improved.  A recurrent 

kernel extreme reservoir machine 

(RKERM) was developed in [15] for 

improving the prediction accuracy using 

time series data. But, performance of 

error rate was not minimized.  

A self-constructing recurrent fuzzy 

neural network (SCRFNN) was 

developed in [16] for improving the 

time-series data prediction accuracy 

with minimum error rate. The 

complexity involved in the prediction 

remained unsolved. An improved Elman 

neural network was introduced in [17] 

for time series data prediction with 

minimum error. But, prediction accuracy 

was minimized as it failed to perform 

the relevant feature selection. An 

evolutionary attention-based LSTM was 

developed in [18] for multivariate time 

series prediction. However, the 

performance of the algorithm was not 

improved. A novel distributed 

processing framework was designed in 

[19] for Big Data probabilistic 

classification and regression. But, 

prediction accuracy was not improved. 

An efficient confidence measure based 

classification of time series was 

performed in [20]. However, accurate 

classification was not performed with 

minimum time. 

 

6. CONCLUSION 

 
The novel technique called PKFS-

TBADC is developed for big-time series 

data forecasting with higher accuracy 

and minimum complexity. By designing 

a polynomial kernel, the features which 

are more relevant to the prediction are 

selected and other features are removed. 

Therefore, this assists to minimize the 

complexity in the time series data 

prediction. Next, the ensemble 
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classification technique is applied to 

predict future outcomes by constructing 

the number of weak learners. The weak 

learners are used for classifying the 

bootstrap samples based on mutual 

information. Then the results of the 

weak classifier are summed and to make 

a strong by trimming the classifiers with 

higher out of sample error. As a result, 

the accurate classification is performed 

resulting in improves the prediction 

results.  The performance of the PKFS-

TBADC technique and existing 

classification techniques is estimated 

with different metrics such as prediction 

accuracy, false-positive rate, time 

complexity, and space complexity. The 

experimental results illustrate that when 

comparing with the state-of-the-art 

methods, the PKFS-TBADC technique 

achieves higher prediction accuracy and 

minimum time, space complexity as 

well as false-positive rate. 
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