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Abstract
In recent times, the main problem associated with big data analytics is its high dimensional data over the search space.
Such data gathers continuously in search space making traditional algorithms infeasible for data mining in real time
environment. Hence, feature selection is an important method to lighten the load during processing while inducing a
model for mining. However, mining over such high dimensional data leads to formulation of optimal feature subset, which
grows exponentially and leads to intractable computational demand. In this paper, a novel lightweight mechanism is used
as a feature selection method, which solves the after effects arising with optimal feature selection. The feature selection in
big data mining is done using accelerated flower pollination (AFP) algorithm. This method improves the accuracy of
feature selection with reduced processing time. The proposed method is tested under larger set of data with high dimen-
sionality to test the performance of proposed method.
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Introduction

In recent times, the researchers found the big data has
undergone certain level of degradation due to three issues.
It includes velocity, variety and volume issues. The first
one leads to handling of huge data [1–7] at accelerating
high speed. The second issue leads to poor processing of
data and poor integration of data from different sources
and it is formatted contrarily. Finally, the third issue leads
to processing, storage and analysis on archives and com-
putational challenges. Depending on the outlook of the
issues arising in big data stream, the conventional data
mining techniques operated on full batch learning and it

runs poor due to its demand in analytic efficiency. This
includes two conventional algorithms, namely, regression
tree algorithm and rough-set discrimination. The poor ef-
ficiency is due to loading of full dataset and then
partitioning it using divide-and-conquer strategy. This da-
ta collection technique bloats the big data into bigger data,
as soon as the newer data arrives. It makes the system to
re-run the entire model and it has to be built newly for the
arrival of new data [8].

On contrarily, there are several new breed algorithm
[9–11] or data mining models, which diminishes the three
issues. The new breed algorithm limits the stemming of
huge data volume or data collection at high speed. Instead,
it uses prediction and classification with bottom-up ap-
proach. This approach helps to update itself without reading
past data and it handles infinite data streams by analyzing
the memory and mining the data streams. This is considered
as a killer method by the researches to solve the issues in big
data stream. In addition, there are other algorithms like novel
ensemble map-reduce paradigm [12], data parallelism map-
reduce paradigm [13], Density-Peaked Clustering Analysis
algorithm [14], i2 map reduce incremental framework [15],
association rule mining [19] with Apriori algorithm and
probabilistic graphical model [16], multi-objective genetic
programming [18] and Distributional instance learning
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[17–20]. It is found that these algorithm can provides solu-
tions related to the issues of big data in future years [21]. In
both batch and stream based algorithms of big data mining,
classification is been adopted widely to support the decisions
of big data model. In classifier application, the classes are
predicted from the unseen samples and feature selection se-
lects the significant features by discarding redundant and
irrelevant features to improve the accuracy. Further, it aims
to improve the speed and training time of classifier to solve
the problems associated with feature selection. In case of
supervised learning, a classifier induces the attributes based
on records and labels from all data. Conversely, reports [22]
say that conventional data mining models are limited due to
three design constraints, which includes fixed size of feature
set, minimal features using redundancy principle and cus-
tomized feature selection, which works for one particular
classifier. However, finding the relevant feature subset re-
quires exhaustive computing, but this is impractical in big
data streams. Since, the data collected will be of infinite
amount with high speed.

To resolve this, this paper inspects the effectiveness of
meta-heuristic light weighted feature selection using
Accelerated Flower Pollination Algorithm (AFPA), which
is derived from Flower Pollination Algorithm (FPA) [23,
24]. This aims at identifying the perfect blend of feature
selection and classification algorithm for data mining in
big data streams. The processing big data streams are
collected from UCI Machine Learning Repository ar-
chives for testing the machine learning algorithms. This
paper focusses on comparing the performance of batch
learning classification algorithms to attain top accuracy
with shortest processing time. The main challenge lies in
finding appropriate algorithm for data mining. The chal-
lenges lies on infinite data feed, high speed continuous
data delivery. Therefore, the processing is expected to be
responsive and real-time. This ensures that the deployed
classification algorithm is accurate and light weighted
with quick update with faster data arrival. Another com-
plication lies in non-linear relations between the target
classes and feature values in temporal data stream. Also,
the poor availability of straight forward model leads to
poor mapping of data attributes into relevant classes.
This affects the design of mining algorithm that should
read and forget the stream of data without retaining any-
thing but the statistics for providing reason for long-term
relation between the target classes and feature values [25].

Considering all such assumptions associated with com-
putational challenge, the proposed data streaming model
compares itself with popular mining algorithm to tests its
efficacy. The evaluation offers insights for the newer re-
searches to design a mining application in big data stream.
The organization of paper is presented as follows:
Section 2 provides the feature selection model by proposed

accelerated flower pollination algorithm. Section 3 incor-
porates the proposed algorithm into data streaming model.
Section 4 discusses the evaluation method and classifica-
tion models for testing the proposed design. Section 5 dis-
cusses the efficacy of proposed method. Finally, section 7
concludes the paper.

Feature selection by AFPA

The proposed method uses modern feature selection al-
gorithm to choose the optimal subset from the large
space. The proposed algorithm is called as Accelerated
Feature Selection with Flower pollination Algorithm or
Accelerated Flower pollination Algorithm (AFPA). The
proposed algorithm is been designed as a wrapper based
model for feature selection. It helps to maintain the rate
of accuracy of classifiers been constructed from feature
subset. This attains highest fitness and probable output is
considered based on optimal feature subset. The architec-
ture of the workflow of the AFPA model is shown in
Fig. 1. This model refines the rate of accuracy by
selecting better feature after the pre-selection of random
feature subset at initial stage. This tends to increase the
classification accuracy of proposed model in a stochastic
manner. This helps to empower the classification model
for optimal feature selection with higher and faster con-
vergence rate [26].

The fitness evaluation is chosen as wrapped classifier,
which makes most use of the candidate feature subset with
optimization function in stochastic manner. However, such
brute force testing on all subsets takes longer time with in-
creased high computation costs due to increasing data fea-
tures. In such regards, the proposed method uses stochastic
search strategy. This method avoids individual feature subset
testing and promotes multi agent searching with parallel com-
putation to find optimal feature subsets. Further, the search
process is reduced using speed up step in flight behavior
called accelerated FPA [27].

Accelerated FPA

The flower pollination algorithm (FPA) works on the prin-
ciple of pollination through agents or bees on flowering
plants or flowers. The aim of FPA is the survival of opti-
mal reproduction of plants (features) or in fact, it is con-
sidered as optimizing the plant species. It is ruled by basic
rules, which is given bellow:

a. As a part of global pollination process, the cross and biotic
pollination is chosen with pollinators, which carries the
pollens using the principle of Levy Flights.
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b. As a part of local pollination process, the self and abiotic
pollination is considered.

c. The reproduction probability is chosen based on Flower
constancy, which is directly related to the similarity be-
tween two different flowers or features involved in the
dataset [8, 28, 29].

d. Switching probability (p) to control the global and local
pollination, where p∈ [0, 1]. This takes into account the
factors like wind and physical proximity, which makes the
local pollination to be an important fraction p through
entire pollination activity.

During the process of global pollination (rule a and c),
pollinators or insects carry the flower pollens or the relevant
features. The Levy flights distribution makes the pollens to
carry over longer distances and the global pollination is rep-
resented as,

x tþ1ð Þ
i ¼ xti þ αL λð Þ g*−xti

� � ð1Þ

Where,

L λð Þ ¼ λΓ λð Þ⋅sin λð Þ
π

⋅
1

s1þλ
; s > 0

Where,

xti pollenor feature i during the iteration t and
s step size,
α scaling factor for controlling the step size,
g∗ best solution among all solutions during the iteration t,
L(λ) Levy flight step size proportional to pollination

strength and
Γ(λ) gamma function and λ varies between 1 ≤ λ ≤ 2 and in

the present study, it is chosen to be 1.5.

Similarly, the process of local pollination (rule b) is repre-
sented as,

x tþ1ð Þ
i ¼ xti þ ε xtj−x

t
k

� �
ð2Þ

Where,

xtj pollen from the flower j of same plant and
xtk pollen from the flowers k of same plant.

Finally, to mimic the global and local pollination, the pro-
posed study uses the rule d or the switching probability to
choose between the global or local pollination. The pseudo
code the FPA algorithm is given below,
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To speed up the process of convergence, the location of
flowers are updated in a single step. Hence, for global polli-
nation, the updated location is given by,

x tþ1ð Þ
i ¼ 1−βð Þxti þ αL λð Þ βg*−xti

� � ð3Þ
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Similarly, the local pollination is updated using,

x tþ1ð Þ
i ¼ 1−βð Þxti þ ε βxtj−βx

t
k

� �
ð4Þ

Since, these equations increases the speed of convergence
and accelerates the process of pollination, the FPA algorithm
can now be called as accelerated FPA or AFPA.

The proposed mining model uses effective feature se-
lection using coefficient of variation for finding the initial
position of AFPA. The coefficient of variation is based on
variance, which finds the feature subset for balancing the

classifier in an optimal manner between the problem of
features getting over-fitted and generalization. The coeffi-
cient of variation is founded based on the belief that an
attribute has varying range of values in a training dataset,
such that it characterizes the prediction model. The coef-
ficient of variation varies between - ∞ and + ∞, which is
represented as a real number and this forms a standard
deviation relative to mean value of set of numbers. This
helps to compare the variability and it informs the degree
of variation w.r.t observation size and units of observation
is not directly related with coefficient of variation.

Table 1 Performance evaluation between various classifiers

Classifier or Feature Selection Accuracy Precision Recall F-measure Model building
time (s)

Pre-processing
time (s)

% Selected
Features

Hyper-pipe (HP)

PSO 80.253448 0.82096 0.80365 0.79855 0 0 100

APSO 74.913224 0.84433 0.76185 0.75877 0 0 47

FPA 81.026588 0.85082 0.80678 0.79059 0 2.03 73

AFPA 81.924583 0.85966 0.81079 0.80365 0 2.01 65

Naive Bayes (NB)

PSO 68.351584 0.75883 0.68635 0.70478 0.0912 0 100

APSO 72.011458 0.76999 0.72105 0.73229 0.0101 0 47

FPA 82.014826 0.81983 0.82101 0.81589 0.0098 9.52 31

AFPA 81.829918 0.81171 0.81384 0.80675 0 9.52 25

Bayes Net (BN)

PSO 84.588982 0.86282 0.84955 0.85567 0.37 0 100

APSO 84.018515 0.85567 0.85464 0.85665 0.0301 0 47

FPA 87.878464 0.87609 0.87813 0.87609 0.414 17.08 51

AFPA 88.986676 0.88729 0.88035 0.88832 0.402 11.73 39

Decision Tree (DT)

PSO 89.014821 0.90361 0.91259 0.90259 0.203 0 100

APSO 89.485689 0.89463 0.90656 0.90463 0.1101 0 47

FPA 91.248483 0.91789 0.91893 0.91892 0.1101 37.41 47

AFPA 92.151247 0.91994 0.92197 0.92995 0.061 20.3 27

Random Forest (RF)

PSO 93.025646 0.93032 0.93033 0.93319 0.2052 0 100

APSO 94.825722 0.95664 0.95767 0.95359 0.0816 0 47

FPA 94.236824 0.94237 0.94339 0.93727 0.0713 35.27 43

AFPA 95.128972 0.96379 0.96482 0.96277 0.1022 32.06 27

Support Vector Machine (SVM)

PSO 77.194902 0.69267 0.77815 0.68327 2.0004 0 100

APSO 77.84202 0.69795 0.78631 0.70267 0.8777 0 47

FPA 77.952681 0.76387 0.78733 0.70675 0.3906 362.32 29

AFPA 79.826122 0.77307 0.79957 0.73023 0.3215 305.61 27

Neural Network (NN)

PSO 91.912574 0.92607 0.92921 0.92595 25.0621 0 100

APSO 90.924856 0.91789 0.91893 0.91677 8.5004 0 47

FPA 91.098564 0.91892 0.92197 0.91897 14.0402 5455.73 71

AFPA 92.652142 0.92903 0.93319 0.92013 11.7536 5001.84 65
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However, the variation coefficient is not similar for all
feature and it is not relative to the measuring unit.
Hence, the information about the variation of data among
all features is obtained through coefficient of variation.
Here, if the expected value is mean, then expected vari-
ability is coefficient of variation related to mean [30–32].
Thus when multiple heterogeneous data is present in the
data set, the expected variability can be used for multiple
measurement on same dataset. Even if the data is mea-
sured on different scale, the coefficient of variation be-
tween two attributes for feature selection is compared di-
rectly. On other hand, the standard deviation is obtained
through absolute relative variation. This is known as dis-
persion measure, which compares differences between the
variables of varying units and the higher variation coeffi-
cient variable is considered dispersed more than lower
coefficient variable.

Consider a training dataset (X) with n vector instances and
m features or attributes. Consider an instance or sample (x1,
x2,...,am) with m-dimensional tuple, where a ∈ [1,2,…,m] for a
vector xa. This is segregated into various subgroups of varying
classes with total prediction target classes (c∈[1,2,...,C]).
Hence, xa∈ x1a; x

2
a; :::; x

c
a

� �
,

va ¼ ∑
C

c¼1

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
∑
N

n¼1
xcn−x

c

a

� �2
=n

s

x
c

a

ð5Þ

Where,

xca mean of ath feature belonging to class c and
va sum of coefficient of variation of ath feature belonging to

class c.

The coefficient of variation finds the threshold value after
estimating the coefficient variable to select the features and
estimates the retained features. This concept is called as Bia-
Variance dilemma, where the prediction performance of a
learning classifier is found by decomposing the supervised
classifiers error rate into variance and bias terms.

Consider a target function: x = x + 휀 over a fixed training
size set (D) is used for expressing the expected squared error
(X,T) into three sum components:

∑
D

∫
x
∫
t
h xð Þ−tð Þ2p tjxð Þp xð Þdtdx

	 

¼ σ2 þ b2 þ var2 ð6Þ

σ2 ¼ ea ð7Þ

b2 ¼ ∫ ∑
D

h xð Þ½ �−g xð Þ
� �2

p xð Þdx ð8Þ

h xð Þ ¼ ∑
D

h xð Þ½ � ð9Þ

var ¼ ∫ ∑
D

h xð Þ−h xð Þ
� �2

	 

p xð Þdx ð10Þ

where,

b bias and var – variance,

The main aim is to reduce the loss by decomposing into
variance, sum of bias and noise term (constant). Further, there
exist a trade-off between variance and bias with relative rigid
model (low variance and high bias) forms under fit and very
flexible model (high variance and low bias) forms overfit.
Hence, to attain optimal equilibrium between variance and
bias, k-means clustering is used. This partitions the point into
clusters, where one cluster can be retained and other one is
removed. Each data point is assigned with a cluster member-
ship function. The clustering find the cluster position μi,i =
1,2,...,k and distance between the data point and centroid of
cluster is reduced using,

Fitness ¼ min
c

∑
2

i¼1
∑
x∈ci

d x;μið Þ ð11Þ

argmin
c

∑
2

i¼1
∑
x∈ci

x−μik k2 ð12Þ

where ci- set of points of cluster i. The clustering uses
(x,μi) = ||x-μi||

2, which is the square of Euclidean distance.
Consider a dataset X with estimation function f(x) =

a! x!, where a! x!¼ a0x0 þ a1x1þ; ::::. I t is seen that
adding parameters into AFPA as features increases the
complexity of the model and hence variance increases
with falling bias. Here, k-means clustering is deployed
to form two groups (g1 and g2) from the given dataset
based on the coefficient of variation. Further, the com-
plexity of model increases as the variance and bias values
of data points of different clusters are not the same.
Hence, the complexity is reducing by the selection of
relevant attributes through variance separation. The error
of two k-means group is given below,

g1 ¼ b2↑þ var↓þ σ2 ð13Þ
g2 ¼ b2↓þ var↑þ σ2 ð14Þ

The groups in Eq.(13) and Eq.(14) represents the combina-
tion of bias and variance for selecting the optimal subset of
features. The up arrow represents the increasing values of bias
or variance and down arrow represents the decreasing values
of bias or variance.

Evaluation method

The experiment uses various classifiers of traditional batch
learning to evaluate the performance of proposed light
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weight classification algorithm with existing algorithms
like FPA (flower Pollination Algorithm), PSO (Particle
Swarm Optimization) and APSO (Accelerated PSO). The
different classifiers considered for evaluation include:
Naïve Bayes, Bayes Net, neural network, support vector
machine, random forest, Hyperpipe and decision tree.
The performance of proposed and conventional method is
tested in terms of accuracy, precision, recall, F-measure,
percentage of features selected, total model building time
of classifier and total pre-processing time of classifier [4,
33, 34]. The results are shows in Table 1.

The experiment between the proposed model and classifier
is conducted on Dell T7610 PC computing platform with
128GB RAM on Intel Xeon Processor E5. The environment
chosen is Java Development Kit and the classifiers are imple-
mented with the help of MOA platform. For the experimental
purpose, the parameters are set as default ones. To test the

algorithms in an effective way, a 10-fold cross-validation is
utilized to attain unbiased estimate of the proposed and con-
ventional classification model. Here, the dataset is fragmented
into ten equal subsets and unseen data is used for validate the
performance. The classifier models are build using the similar
algorithms, which are built around ten rounds by sparing one
subset to train the given model.

Big data stream classification

The big data streams subjected for evaluation uses four pre-
processing algorithms for proper feature selection. The first
one includes PSO, which is set as ground truth value, since it
uses original form of datasets from UCI archives. The APSO
is correlation based type for selecting the features from the
archives. The FPA uses firefly strategy to select the features
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and finally APSO is used to select the features using correla-
tion with firefly characteristics. The third and fourth method is
otherwise called as feature selection PSO and APSO or FS-
PSO and FS-APSO, respectively.

Results and discussion

The Fig. 2 shows the accuracy of between proposed AFPA
and other conventional data streaming models like FPA, PSO
and APSO. The Table 1 shows the comparisons between the
proposed and conventional data streaming models with differ-
ent classifier in terms of accuracy. The results between con-
ventional and proposed streaming model shows that proposed
system attains higher accuracy. Here, Random forest classifier
attains higher accuracy than neural network, decision tree,

Bayes Net, Hyper-pipe, Naïve Bayes and SVM. This proves
the random forest classifier can be used for future researches
to model the big data streaming model.

The Fig. 3 shows the precision of between proposed AFPA
and other conventional data streaming models like FPA, PSO
and APSO. The Table 1 shows the comparisons between the
proposed and conventional data streaming models with differ-
ent classifier in terms of precision. The results between con-
ventional and proposed streaming model shows that proposed
system attains higher precision. However, in terms of Naïve
Bayes classifier, the FPA algorithm attains higher precision
rate. Here, Random forest classifier attains higher precision
than neural network, decision tree, Bayes Net, Hyper-pipe,
Naïve Bayes and SVM.

The Fig. 4 shows the recall of between proposed AFPA
and other conventional data streaming models like FPA,
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PSO and APSO. The Table 1 shows the comparisons be-
tween the proposed and conventional data streaming
models with different classifier in terms of recall. The re-
sults between conventional and proposed streaming model
shows that proposed system attains higher recall rate.
However, in terms of Naïve Bayes classifier, the FPA algo-
rithm attains higher recall rate. Here, Random forest classi-
fier attains higher recall than neural network, decision tree,
Bayes Net, Naïve Bayes Hyper-pipe and SVM.

The Fig. 5 shows the F-measure of between proposed
AFPA and other conventional data streaming models like
FPA, PSO and APSO. The Table 1 shows the comparisons
between the proposed and conventional data streaming
models with different classifier in terms of F-measure. The
results between conventional and proposed streaming model
shows that proposed system attains higher F-measure.
However, in terms of Naïve Bayes classifier, the FPA algo-
rithm attains higher F-measure. Here, Random forest classifier

attains higher F-measure than decision tree, neural network,
Bayes Net, Naïve Bayes Hyper-pipe and SVM.

The Fig. 6 shows the building time of model between the
proposed AFPA and other conventional data streaming
models like FPA, PSO and APSO. The Table 1 shows the
comparisons between the proposed and conventional data
streaming models with different classifier in terms of model
building time. The results between conventional and proposed
streaming model shows that proposed system attains lesser
model building time. However, in terms of Random Forest
classifier and neural network classifier, the PSO and APSO
algorithm, respectively attains lesser model building time.
Here, Naïve Bayes and Hyper-pipe classifier attains lesser
building time than decision tree, Random forest, SVM,
Bayes Net, and neural network.

The Fig. 7 shows the pre-processing time of between pro-
posed AFPA and other conventional data streamingmodels like
FPA, PSO and APSO. The Table 1 shows the comparisons
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between the proposed and conventional data streaming models
with different classifier in terms of pre-processing time. The
results between conventional and proposed streaming model
shows that proposed system attains lesser pre-processing time.
However, the results shows that PSO and APSO algorithm
takes zero time to compute pre-process the required inputs.
This shows that the proposed AFPA and FPAmodel, still needs
to be retuned in terms of its operating speed associated with pre-
processing operations. Here, Hyper-pipe and Naïve Bayes clas-
sifier attains lesser pre-processing time than Bayes Net, deci-
sion tree, Random forest, SVM, and neural network.

The Fig. 8 shows the percentage of selected features of
between proposed AFPA and other conventional data stream-
ing models like FPA, PSO and APSO. The Table 1 shows the
comparisons between the proposed and conventional data
streaming models with different classifier in terms of percent-
age of selected features. The percentage of feature selection in
proposed method is very less and this can be interpreted as
efficient collection of relevant data samples related to given
query. This is not true in case of PSO and APSO algorithm,
where it selects entire instances, which choosing the relevant
ones. The poor pre-processing operation leads to such selec-
tion of features in conventional system than the proposed sys-
tem. Here, Naïve Bayes classifier attains lesser percentage of
feature selection than decision tree, Random forest, SVM,
Bayes Net, Hyper-pipe and neural network.

To measure the fairness of proposed system, a gain indica-
tor is used as a performance increasing factor, which considers
the accuracy during the process of feature selection. Hence the
incremental accuracy is estimated as follows,

Gain or incremental accuracy = percentage of accuracy
during feature selection – percentage of original accu-
racy at preprocessing in terms of milli-seconds

Ideally, the algorithms are combined in such a way that it offers
higher gain i.e. yielding higher accuracy in short pre-
processing time. The Fig. 9 shows the comparison of classifiers
in terms of gain indicator. From the Table 2 or Fig. 9, it is seen

that Naïve Bayes classifier attains higher gain than other clas-
sifiers. The neural network classifier performs with poor gain
in big data streaming model and hence it performs poor with
fresh data arrival in big data streams. Also, the other classifiers
like Hyper-pipe, Bayes Net, Decision Tree, Random Forest
and SVM offers least gain improvement, which is lesser than
Naïve Bayes algorithm. Finally, it could be concluded that the
proposed lightweight accelerated FPA algorithm offers higher
gain than flower pollination algorithm. The Naïve Bayes algo-
rithm attain higher performance gain due to less selection of
features, in comparison with other systems.

Conclusion

In this paper, the high dimensionality of data in big data
streaming is addressed, since incomplete data provides higher
computational demand in data mining applications. Since the
big data grows with fresh data, a light weight mechanism is
required to monitor it dynamically in a larger scale. The algo-
rithm offers higher robustness, reduced latency and high ac-
curacy. The proposed classification model classifies well the
big data stream over five different dataset domains, having
wide features. The comparison of various classifiers with pro-
posed light weight AFPA classification model is proved to be
fruitful in data streammining. The results shows that proposed
method with various classifiers attains higher gain at pre-
processing for the selection of features. This paper provides
various insights on different classifiers, who are intended to
design a new data mining model for selecting the features in
big data analytics. The proposed lightweight AFPA feature
selection approach fits to be better for arriving data streams
in real world applications and it helps to meet the big data
demands in service computing.
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