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    Abstract: The typical Internet of Things (IoT) device gathers a 

huge amount of data specifically termed as big data framework, 

which transfers the collected data from the sensing layer to the 

information processing layer. Various big data classification 

methods are adopted in the industrial applications, and smart 

cities, but accurately classifying the data in the IoT network poses 

a challenging task in the research community. Therefore, an 

effective big data classification model using spark-based 

architecture is proposed in this research. The big data 

classification is performed at the master node using the proposed 

Fractional Artificial Bee Colony- Chaotic Fruitfly Rider 

Optimization Algorithm (FABC-CFFRideNN). The concept of 

fictional computing is adopted by the rider optimization algorithm 

(ROA) to update the position of rider groups based on success rate 

and the foraging behavior of fruit flies along with the rider 

parameters is used to enhance to performance of data 

classification using the proposed CFFRideNN classifier. 

Moreover, the proposed Fractional Artificial Bee Colony- Chaotic 

Fruitfly Rider Optimization Algorithm attained better 

performance using the metrics, namely accuracy, specificity, and 

sensitivity with the values of 95.382%, 95.81%, and 98.824% for 

training percentage without node velocity. 

Keywords : Cluster Head (CH), Rider optimization algorithm 

(ROA), Chaotic Fruitfly algorithm (CFFO), Bhattacharya 

distance, big data classification 

I. INTRODUCTION 

 

Internet of Things (IoT) contains various static objects and 

mobile devices that are equipped or interconnected using the 

actuator, sensors and communication modules over internet 

[1] [2]. IoT [7] is a widespread usage of heterogeneous 

technologies, and static devices, that are evolved using the 

interconnectedness mobile devices through the TCP/IP 

protocol in the physical surroundings [3] [4]. Moreover, the 

IoT is applicable in various economic areas, which ranges 

from automation construction and management, smart grid 

industrial application, smart cities, agriculture, and water 

grids. Moreover, the sensors adopted in these systems are 

energy constrained, as they progresses the computational and 

the storage functions through the lossy channel 

communication process. The significant and the fundamental 

IoT driving forces are routing and networking, which assists 

and drives the interconnected IoT devices. The  

factors which are considered while routing the device in the 

IoT network are energy efficiency, autonomy, secure 

communication, and scalability [5] [4]. Accordingly,  
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the unique characteristic features of the IoT network make the 

devices vulnerable to security attacks. Moreover, data 

communication over the secure layer, and routing becomes a  

recent research topics in IoT environment [4]. The evolution 

of IoT increased the authentic network implementation in the 

smart homes. Due to the easier operation of the smart home 

system in the IoT device, the human life becomes more 

comfortable, secure, and convenient. The significant role in 

the IoT device is the cost-saving, energy consumption, and 

management flexibility [6]. Moreover, the rapid IoT 

evolution enhances the work efficiency and life quality of 

humans. IoT is a pattern of connecting different things, which 

includes two principal meanings. At first, the groundwork and 

core of the IoT is the network which is the expansion of 

internet. Next, the IoT end users are extensive to 

communication and perform the information exchange 

process. In general, the typical IoT device gathers a huge 

amount of data specifically termed as big data framework, 

which transfers the big data from the sensing layer to the 

information processing layer [10] [11]. Big data is explained 

using three different data factors, such as variety, velocity, 

and volume [12]. It refers that, if the variety, velocity, and 

volume of data maximized, the current available technologies 

and techniques failed to handle the data processing and 

storage systems. Hence, in such situation, the data is termed as 

big data, and the big data is also considered as data, which 

simultaneously grows for each year. Technological and 

scientific revolution of big data affects the data size, as it 

increases in a daily basis to enhance the profitable actions [8]. 

Big data is very complex to filter, store, collect, visualize, 

analyse, and share with the recent technologies [9].  The big 

data analytics is the process of understanding and analyzing 

characteristic features of large sized dataset through 

extracting the geometric and the functional statistical patterns 

[13]. In general, the originally extracted data is termed as the 

streaming data, as it represents the interactions, 

measurements, and actions which arrived from internet. 

However, the data is generated with respect to the time 

interval. In the streaming model, the algorithms and the big 

data progresses strict constraints over the space and time. The 

streaming approach uses the data structure to provide optimal 

and speedy answers [14].  Recently, the data gathering 

mechanism results an incredible performance in the data 

management system. The diversity, complexity, and volume 

of big data bring the information to hinder the knowledge 

extraction and analysis process [10] [11]. Big data 

classification is effectively carried out in the applications of 

social media, biomedicine, and marketing. The significant 

method adopted to solve the big 

data complexity is the usage of 

single traditional classification 
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approach [15]. Most of the classifiers utilized in performing 

the big data classification frameworks are SVM, KNN, Naive 

Bayes, and so on. Naive Bayes classifier is widely used to 

perform the classification in data. Moreover, the data fusion 

model is also introduced to classify the big data [16], and 

Naive Bayes is used to perform the target tracking, and 

classification in robotics control, and cloud computing [22] 

[17]. The scalable and the elastic learning models are required 

for the cyber analysis, such that text and images are used for 

the big data analysis model [18] [19]. In general, KNN is a 

slow classifier, which may not have any testing and training 

model [20]. SVM is a binary classifier, such that multi SVM 

classifies the feature vectors into various subsets through 

trained oracles [19]. The training activity of the SVM 

classifier is performed by adopting the optimal hyperplane 

[21]. The primary intention of this research is to design and 

develop an effective big data classification model using spark 

architecture. Initially, the data is collected from the IoT nodes 

and forwarded to CH. The CH receives the data and feed the 

data to the BS, where the big data classification is performed. 

The BS is built with the spark framework, which contains two 

different nodes, namely two master nodes, and a single slave 

node-set. The master node receives the data from CH and 

forwards the data to the slave node for selecting the 

significant features using the Bhattacharya distance. Finally, 

the selected features are subjected to the data classification 

using the proposed FABC+CFFRideNN approach. Here, 

CFFRide is the integration of Fruitfly Optimization 

Algorithm (CFFO), and Rider Optimization Algorithm 

(ROA), which engages in the optimal learning of the NN 

classifier. The major contribution of this research is detailed 

as follows: 

CFFRideNN classifier-based spark framework for big data 

classification: The big data classification is enabled in the 

network using the spark framework, which splits the big data 

using the master node and enables the classification in 

parallel. On the other hand, the classification in the master 

nodes is done using the NN classifier, which is trained 

optimally using the CFFRide algorithm.Proposed CFFRide 

algorithm: The proposed CFFRide algorithm is the 

integration of the CFFO algorithm in the standard ROA such 

that the effectiveness of the ROA towards acquiring the global 

optimal solution is boosted, which further enables the 

classification accuracy to be better.The rest of this paper is 

organized as follows: Section 2 describes the motivation of 

various existing data classification methods. Section 3 

elaborates the system model of spark architecture, and section 

4 discusses the proposed FABC+CFFRideNN approach for 

big data classification in IoT using spark. Finally, section 5 

concludes the paper. 

II. MOTIVATION 

 

The motivation behind the data classification model using 

various existing classification methods along with their merits 

and demerits are discussed in this section. 
 

A. Literature survey 
 

Various existing literature works are surveyed in this section. 

I. Triguero et al. [8] introduced a divide and conquer model to 

handled the multiple subsets problem in the Mapreduce 

paradigm. It independently managed the minority and the 

majority of sample classes to maintain the subset. It attained 

extremely imbalanced performance in the big data 

classification. However, the computing nodes of the positive 

class were failed to fit in the memory. Mikel Elkano et al. [23] 

developed a fuzzy rule-based approach for handling the big 

data by aggregating the rules. However, this approach 

provides better configuration among the cluster nodes. It 

effectively handled the big data problems and attained better 

performance in terms of classification and runtime. However, 

this method failed to reduce the execution time. Mikel Elkano 

et al. [25] developed a compact fuzzy model for constructing 

the compact and accurate fuzzy based rule classification 

system in big data. It specifically handled the big data 

problems using apriori algorithm. It offered significant 

discrimination capability and attained better accuracy, but the 

classification performance was poor. Junhai Zhai et al. [26]  

introduced a promising algorithm to perform the binary 

imbalanced classification in big data. The nearest neighbor 

positive instances were identified using Mapreduce through 

uniform distribution. Moreover, the data subsets were 

generated and trained using the learning model. However, this 

model was simple to implement, but failed to perform 

multiple classification in big data. Jesus Maillo et al. [27] 

introduced a KNN classifier to handle the large sized big data. 

It effectively extracts the data based on spark. It computes the 

nearest neighbors by splitting the trained data. However, it 

attained better performance in terms of accuracy, and runtime, 

but failed to consider the semi-supervised model. 

Lakshmanaprabu et al. [28] developed an SVM-based 

classifier model to extract the features from big data through 

Mapreduce framework. The unwanted data and noise present 

in the data were eliminated using gabor filter. In enhanced the 

efficiency of the system by mapping and reducing the dataset, 

but failed to recover the path. Peng Li et al. [29] modelled a 

deep convolutional-based computation approach for learning 

the hierarchical features from big data. It utilized the 

topologies and the local features in big data. It prevents the 

over fitting and enhanced the efficiency of training. However, 

it attained better accuracy, but the computational complexity 

was high. S. K. Lakshmanaprabu et al. [30] developed a 

MapReduce and random forest classifier model to handle the 

big data in healthcare system. It effectively selects the optimal 

attributes to perform the data classification process. Based on 

the optimal features, the e-health data was classified. The 

computational performance was less for large sized database. 
 

B. Challenges 
 

The challenges associated with the data classification models 

are discussed in this section. 

 Data collection, event sifting, data combination, and 

deliberation associated with the data mining results a 

significant issue in the multi layer model [30].  

 To perform the data cleaning, storage, and data 

collection in the real time analytics model faces 

several challenges in the IoT technology. However, 

providing utility to the IoT classification model is a 

challenging issue in the optimization mechanism 

[28].  

 To deal with the diversity, complexity, and volume in 

the big data poses a challenging issue in the research 

community. However, to use multiple Mapreduce 

data jobs over big data 

implies extra cost, 
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which is a challenging issue in the data classification 

model [27].  

 The traditional privacy and security models are very 

complex to analyze the big data associated with the 

IoT technology. Moreover, data provenance, and 

access control in the distributed system affects the 

real time environment [9].  

 To predict the intrusion attack in the traffic data poses 

a challenging issue in big data classification. 

However, it was very complex to handle the data 

classification using the geometric learning model 

[13]. 

 Based on the requirements of data processing, 

adaptively changing the storage infrastructure of big 

data system poses a challenging issue in spark 

environment. 

III. SYSTEM MODEL OF IOT NETWORK 

The system model of IoT network is enumerated in Fig.  1. 

IoT network consists of IoT nodes, which is distributed in the 

environment engaged in collecting the data. The nodes 

communicate the data with the CH and the data from the CHs 

is forwarded to the BS. The IoT nodes present in the IoT 

network is denoted as  such that the network contains 

number of nodes, which is expressed as, 

. The CHs present in the network is 

denoted as, , where 

denotes the total number of CHs in the network. The data 

from the CH is communicated with the BS, which performs 

the classification on the collected data in the spark 

framework. The data communication from the CH to BS is 

based on the routing protocol named FABC [33], which is the 

energy-aware protocol. The system model of the proposed 

data classification approach is depicted in Fig.  1. 

 
 

 

 

 

 

 

 

 

 

 

 

Fig. 1. System model 

of IoT network 

IV. SPARK ARCHITECTURE-BASED BIG DATA 

CLASSIFICATION IN BASE STATION USING 

PROPOSED FRACTIONAL ARTIFICIAL BEE 

COLONY-CHAOTIC FRUITFLY RIDER 

OPTIMIZATION ALGORITHM 

The primary goal of this research is to perform the big data 

classification in spark architecture using the proposed FABC 

+ CFFRideNN model. Initially, let us assume the architecture 

in Fig.  2, which comprises of three CHs. The IoT nodes 

collect the data from the environment and forward the data to 

the CH represented as, , which further 

send the data to BS. The BS receives the data and performs 

the data classification through optimization enabled NN 

dependent spark architecture. Thus, the transmission between 

the CH and BS is based on a routing protocol, FABC, which is 

an energy-efficient protocol that smoothen the 

communication process. Hence, the data received in the BS is 

processed using the proposed spark architecture-based 

classification strategy. The spark architecture involves two 

functioning modules, such as master node, and slave node. 

The master node is responsible for splitting the data to the 

slave node, where the feature selection process using the 

Bhattacharya distance is done in order to select the optimal 

features effectively. Finally, the selected unique features are 

further processed in the master node, where the big data 

classification is done effectively using the proposed 

FABC+CFFRideNN approach. The NN classifier is an 

effective classifier and is employed for classification and the 

learning in the classifier is enabled using the proposed 

CFFRide algorithm, which is the integration of CFFO [31], 

and ROA [32]. Fig.  2 shows the architecture of the proposed 

FABC+CFFRideNN approach for data classification in IoT 

using spark. The spark architecture consists of two master 

nodes and a single slave node-set. The data collection and the 

classification are carried out in the master node, while the 

feature selection process is performed in the slave node. 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 2. Spark architecture-based big data classification in 

BS 

 

A.  Read the data at the master node 

The data collection process is carried out by the nodes in the 
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expressed as,  where, denotes 

the IoT network, denotes the IoT node, and denotes 

the total IoT nodes. The data collected by the IoT node is 

expressed as, 

      Eq. (1) 

where,  denotes the data collected by the 

node  and the total data attributes available in the 

collected data by be . The collected data by the nodes is 

send to the CH and then, to the base station based on the 

FABC routing protocol [33]. Thus, in the BS, the 

classification process using spark architecture is enabled, and 

in the spark architecture, the proposed CFFRideNN approach 

is used for classification. Accordingly, the collected data from 

all the nodes is read in the master node, which is denoted as, 

and possesses the dimension of , which is fed as 

input to the slave nodes in the spark. 

B. Feature selection using Bhattacharya distance in the 

slave nodes 

Once the master node read the data then, the feature selection 

process is carried out in the slave node-set using the 

Bhattacharya distance measure. In the slave node, the 

information received from the master node is partitioned 

using Bhattacharya distance. Instead of processing the data 

with the entire features, the selective features can be used for 

classification in order to achieve higher classification 

accuracy. Hence, the resultant feature is indicated as , 

which contains the features of data based on its attributes and 

the dimension of is . The Bhattacharya distance 

measure is mathematically specified using the below equation 

as, 

   (2) 

where, P(b,c) indicates the Bhattacharyya distance between b 

and c,  denotes the variance of  b
th

 distribution, 

specifies the variance of c
th

 distribution, Nb represents the 

mean of b
th

 distribution, Nc denotes the mean of c
th

 

distribution, and b and c are the distributions. The selected 

features using the bhattacharya distance is denoted as, 

   (3) 

It is clearly shown that , which specifies that the 

dimension is minimized through the election of the selective 

features in order to increase the classification accuracy. 

C. Proposed Fractional Artificial Bee Colony Chaotic 

Fruitfly Rider Optimization algorithm for data 

classification in the master node 

The features selected F in the slave node are forwarded to the 

master node to perform the classification using the 

CFFRideNN approach in the spark platform. The master node 

receives the unique features selected by the slave node, and 

performs the classification process with that unique feature in 

the master node. The data classification is performed in the 

master node based on the selected features using the proposed 

FABC+CFFRideNN. Moreover, CFFRide algorithm is the 

integration of CFFO [31] and ROA [32] algorithm, which 

engages in optimal tuning of the NN. Even though the 

fictional concept of RideNN enables an effective 

performance, the foraging behavior of CFF optimization is 

incorporated with the parametric features of RideNN to 

produce outstanding performance of data classification in 

spark. RideNN is nothing, but the NN classifier trained using 

ROA [], which operates using the fictional computing concept 

and used to solve the optimization problems. ROA considers 

four rider groups, whose aim is to move towards the target to 

win the riding race. However, the number of riders defined in 

each group is equally selected from the total number of riders. 

The four rider groups defined in this model is overtaker, 

attacker, follower, and by pass rider. The main parameters 

considered to ride the vehicle are accelerator, brake, steering, 

and gear. However, the rider update their position by 

modifying these parameters based on the success rate.   

C1. Solution encoding: It is the representation of solution, 

which is intended to be determined using the proposed 

CFFRide optimization that trains NN classifier in order to 

enable effective learning in NN that further boosts the 

classification performance. The solution is nothing but the 

best optimal solution required for training the NN classifier.  

 

C2. Fitness function: The fitness function is evaluated to 

compute the best solution, which is expressed as, 

                (4) 

where, H is the accuracy, I is the sensitivity, and W is the 

specificity.  
 

C3. CFFRideNN for big data classification:  
 

The CFFRideNN classifier is used to achieve the big data 

classification using the spark architecture. Here, the RideNN 

uses the NN classifier, which is trained by the ROA to update 

the position of rider groups. The CFF optimization algorithm 

includes the parametric features to the RideNN classifier to 

perform the data classification more effective. The NN is a 

multimodal and nonlinear function aims to use the ROA for 

training the classifier based on the features of rider groups. 

The key role of ROA is to accelerate the rider position 

towards the leading rider. It eliminates the local minima with 

the small local neighborhood that is handled by attacker. The 

rider groups initially explore their position is a random order 

for reaching the target location. In the rider groups, the 

follower uses the multidirectional search space, while the 

overtaker selects the optimal directional space.  

a. Architecture of NN classifier 
 

The NN architecture consists of three different layers, as input 

layer, hidden layer, and output layer. Each layer contains 

number of neurons in the NN 

architecture. The input given to 

the NN classifier is the selected 
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features . NN performs the classification using the weights 

that are assigned to the neurons at each layer in the network. 

The weight given to the neurons in the hidden layer is 

specified as, 

 

       (5) 

The bias applied to the hidden layer is specified as, , 

which is utilized to compute the potential. The weight of the 

output layer neurons is indicated as, and the output layer 

bias is denoted as, . The function used to calculate the 

output of classifier is represented as, 

     (6) 

where, indicates the transfer function of 

log-sigmoid, which computes the output based on input, 

represents the input of neuron, is the weight of 

neuron, denotes the weight of the output layer, 

 and represents the biases. 

 

 

 

 

 

 

 

 

 

 

Fig.3 .Architecture of NN 

classiifer 
 

 

b. CFFRide algorithm for optimal tuning of NN classifier: 
The algorithmic procedure of CFFRide algorithm is 

mathematically explained as follows: 
Rider population and parameter initialization: The population 

is initialized with four rider groups, which is represented 

as, . The position of the rider groups are assigned in a 

random manner such that the rider group initialization is 

expressed as, 

 

    (7) 

where, represents the number of riders, and indicates 

the number of coordinates or dimension, and Yl(u,v) 

represents the location of u
th

 rider at time l. Moreover, the 

steering angle of the rider is indicated as B, the accelerator of 

rider vehicle is represented as e, the brake of  u
th 

rider is 

indicated as C, and the gear of vehicle is indicated as D, 

respectively. 

c. Compute the success rate: The success of the rider group 

is computed as per the fitness function mentioned in equation 

(4). 
d. Find the leading rider: The leading rider is identified 

based on the success rate and the rider having minimum 

distance and higher success rate is determined as leading 

rider. However, the leading rider may change when the 

location of rider changes. Hence, the best rider or best 

solution depends on the maximal success rate.  
e. Rider position update: The location of rider is updated for 

finding the leading one, such that the rider changes their 

location based on the characteristic features of riders. Hence, 

the location update process for each rider group is discussed 

as follows: 

Position update process of bypass rider: The bypass rider is 

the first rider group, who bypasses the leading path and wins 

the race such that it does not follow the path of leading rider. 

Therefore, the update equation of bypass rider is 

mathematically expressed as, 

   (8) 

where, denotes the random number, which lies in the range 

between [0,1], denotes the random number lies between 

[1,J], and represents the random number lies in the range 

of 0 to 1, respectively. Let us assume , such that 

modified above equation is expressed as, 

   (9) 

The equation (9) highlights the standard equation of bypass 

rider, which is modified using CFFO in order to inherit the 

properties of CFFO. The purpose of modifying the standard 

equation of bypass rider is detailed below: By incorporating 

the foraging behavior of CFFO with fictional computing 

based approach, the parameters from both the algorithms are 

utilized to attain effective data classification. The CFFO 

algorithm determines the location of fruit fly swarm by 

selecting the best solution among the random solutions. The 

CFFO considers the novel parameter named chaos to enhance 

the performance of the data classification. The concentration 

value with the maximum smell is assigned to the foraging 

phase, such that the swarm will be directed to move towards 

the food source. The CFFO meta-heuristic technique 

considers the randomization of Yu,v variables based on the 

uniform distribution. In order to increase the overall speed 

and convergence rate of fruit flies, the parameter named 

„alpha‟ is used to generate the food sources in CFFRideNN 

algorithm. Hence, the chaotic variable of the CFFO algorithm 

is mathematically modeled as, 

 

    (10) 

    (11) 

     (12) 

 

By substituting the Eq. (15) in Eq. (8), the resultant updated 

equation is expressed as, 
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  (13) 

 

  (14) 

 

 
 (15) 

 

  (16) 

  (17) 

  (18) 

where, denotes the random number, which lies in the range 

between [0,1], denotes the random value lies between 

[1,J], and represents the random number lies in the range 

of 0 to 1, respectively. Hence, equation (18) highlights the 

update rule of proposed CFFO-Ride 

Position update process of follower: The follower changes its 

position based on the location of leading rider. The follower 

follows the leading rider path, such that it effectively and 

quickly reaches the target. The update equation of the 

follower is mathematically expressed as, 

 

   (19) 

where, g denotes the coordinate selector, Y
O
 represents the 

leading rider location, O specifies the index of leading rider, 

Bu,g indicates the steering angle of u
th

 rider, and h
l
u denotes the 

distance travelled by u
th

 rider. 

Position update process of overtaker: The overtaker update 

their location based on the indicators, such as direction 

indicator, coordinate selector, and success rate. However, 

overtaker considers its own location to win the race. 

Therefore, the position of overtaker is updated based on 

current rider, leading rider, and directional indicator, which is 

mathematically expressed as, 

 

    (20) 

where, Yl(u,g) denotes the location of u
th

  rider at g
th

 

coordinate, and Pl(u) denotes the direction indicator, 

respectively. However, direction indicator is computed using 

the success rate, which is expressed as, 

                        (21) 

Where, El(u) specifies the success rate of u
th

 rider at time l. 

Update process of attacker: The attacker tries to take the 

leader position using higher speed to reach the target. 

However, the position update process of attacker is expressed 

as, 

   (22) 

where, Y
o
(O,v) denotes the leading rider position, 

specifies the steering angle, and indicates the 

distance travelled by u
th

 rider. 

 

f. Rider parameter update: The rider parameter is updated 

to find the optimal solution based on the activity counter, 

steering angle, gear, accelerator, and brake with respect to 

success rate.  

g. Termination: The above process is repeated until the best 

solution is attained or reaches the maximum iteration.  

 

Algorithm-I: shows the pseudo code of proposed 

FABC+CFFRideNN algorithm for data classification.  

 
Sl. No Pseudo code of FABC + CFFRideNN approach 

1 
position of rider is randomly assigned as  

2 
The leading rider is specified as  

3 begin 

4 Population initialization 

5 Rider parameter initialization: steering angle , gear , 

brake , and accelerator  

6 
Success rate computation  

7 
while  ; -off time 

8 for 1 to  

9 Modify the Bypass rider position using Eq. (18) 

10 Update the follower position using Eq. (19) 

11 Modify the overtaker position using Eq. (20) 

12 Modify the attacker position using Eq. (22) 

13 
Rider ranking based on  

14 
Select the rider having maximum as leading rider 

15 Update , and  

16 
return  

17  

18 end for 

19 end while 

20 terminate 

The optimization task of FABC+CFFRideNN offers better 

convergence rate, and attained global optimality with respect 

to the success rate. The major influence of the CFFO 

algorithm is the computation of food sources. The foraging 

phase of the fruit fly uses the 

foraging behavior for searching 
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and locating the food sources among the swarm. Hence, by 

integrating the fictional computing of ROA with the foraging 

behavior of fruit flies increased the performance of data 

classification in IoT using spark architecture.  

V. RESULTS AND DISCUSSION 

The results and discussion made using the proposed 

FABC+CFFRideNN algorithm is explained in this section. 

Moreover, the performance of the proposed algorithm is 

evaluated using the performance metrics, like accuracy, 

sensitivity, specificity, and throughput. 

A. Experimentation setup 

The implementation of the proposed algorithm is carried out 

in the MATLAB tool using Heart disease dataset [24]. The 

Heart disease dataset is obtained from UCI machine learning 

repository, which consists of 76 attributes. Here, the presence 

of disease is indicated as 1, 2, 3, or 4, while the absence of 

disease is specified as 0, respectively. 

B. Evaluation metrics 

The performance of the proposed CFFRideNN algorithm is 

evaluated and analyzed using the evaluations metrics, such as 

accuracy, sensitivity, specificity, and throughput.  

Accuracy: It is termed as the ratio of observed true results 

with that of total results. Therefore, accuracy is computed 

using the below equation as, 

     (23) 

where, denotes the true positive, specifies the true 

negative, indicates the false positive, denotes the 

false negative, and denotes the accuracy, respectively. 

Sensitivity: It is defined as the measure of true positive rate to 

the probability of positive observation, which is 

mathematically expressed as,  

      (24) 

Specificity: It is defined as the ratio of true negative measure 

to the probability of negative observed results, which is 

mathematically specified as, 

      (25) 

Throughput: It is the rate at which the number of nodes 

transferred per unit time. 

C. Comparative methods 

The performance of the proposed FABC+CFFRideNN 

algorithm is analyzed and is compared with the existing 

methods, such as Leach+Mapreduce +Elephant Heard 

Optimization +Linear Kernel-Support Vector machine 

(Leach+Mapreduce+EHO+LK-SVM) [28], Wireless Body 

Area Network +Deep Convolutional Neural Network 

(WBAN+Deep CNN) [29], Random Forest (Artificial Bee 

Colony +RF) [30], and Particle Swarm Optimization+Neural 

network (PSO+NN). 

D. Comparative analysis 

The comparative analysis of the proposed FABC+FFRideNN 

by varying the selected features and training percentage in 

terms of accuracy, sensitivity, and specificity is explained in 

this section. 

 D.1 Comparative analysis of IoT nodes without moving 

velocity 

The comparative analysis of accuracy, specificity, and 

sensitivity by varying the selected features and training 

percentage without moving the IoT nodes is elaborated in this 

section.  

A. Comparative analysis by varying selected features 

Fig.  4 (a) shows the comparative analysis of accuracy by 

varying the selected features. When selected features=8, the 

accuracy obtained by the existing methods, like 

Leach+Mapreduce+EHO+LK-SVM, WBAN+Deep CNN, 

ABC+RF, and PSO+NN is 80.911%, 83.360%, 58.552%, and 

66.661%, while the proposed FABC+FFRideNN attained 

better accuracy of 87.273%, respectively. When selected 

features=9, the accuracy obtained by the proposed 

FABC+FFRideNN is 88.161%. Hence, the percentage of 

improvement reported when comparing the proposed 

FABC+FFRideNN with the existing methods, like 

Leach+Mapreduce+EHO+LK-SVM, WBAN+Deep CNN, 

ABC+RF, and PSO+NN is 5%, 2%, 40%, and 30%, 

respectively. When selected features=10, the accuracy 

obtained by the proposed FABC+FFRideNN is 89.527%. 

Hence, the percentage of improvement reported when 

comparing the proposed FABC+FFRideNN with the existing 

methods, like Leach+Mapreduce+EHO+LK-SVM, 

WBAN+Deep CNN, ABC+RF, and PSO+NN is 4%, 3%, 

34%, and 25%, respectively. When selected features=11, the 

accuracy obtained by the proposed FABC+FFRideNN is 

92.382%. Hence, the percentage of improvement reported 

when comparing the proposed FABC+FFRideNN with the 

existing methods, like Leach+Mapreduce+EHO+LK-SVM, 

WBAN+Deep CNN, ABC+RF, and PSO+NN is 7%, 6%, 

27%, and 18%, respectively. When selected features=12, the 

accuracy obtained by the proposed FABC+FFRideNN is 

92.632%. Hence, the percentage of improvement reported 

when comparing the proposed FABC+FFRideNN with the 

existing methods, like Leach+Mapreduce+EHO+LK-SVM, 

WBAN+Deep CNN, ABC+RF, and PSO+NN is 6%, 6%, 

26%, and 12%, respectively. 

Fig.  4 (b) shows the analysis of sensitivity with respect to the 

selected features. When selected features=8, the sensitivity 

obtained by the existing methods, like 

Leach+Mapreduce+EHO+LK-SVM, WBAN+Deep CNN, 

ABC+RF, and PSO+NN is 81.210%, 82.302%, 55.579%, and 

65.656%, while the proposed FABC+FFRideNN attained 

better sensitivity of 90.501%, respectively. When selected 

features=9, the sensitivity obtained by the proposed 

FABC+FFRideNN is 93.403%. Hence, the percentage of 

improvement reported when comparing the proposed 

FABC+FFRideNN with the existing methods, like 

Leach+Mapreduce+EHO+LK-SVM, WBAN+Deep CNN, 

ABC+RF, and PSO+NN is 13%, 9%, 57%, and 40%, 

respectively. When selected features=10, the sensitivity 

obtained by the proposed FABC+FFRideNN is 93.431%. 

Hence, the percentage of improvement reported when 

comparing the proposed FABC+FFRideNN with the existing 

methods, like Leach+Mapreduce+EHO+LK-SVM, 

WBAN+Deep CNN, ABC+RF, and PSO+NN is 11%, 9%, 

45%, and 40%, respectively. 

When selected features=11, the 

sensitivity obtained by the 
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existing methods, like Leach+Mapreduce+EHO+LK-SVM, 

WBAN+Deep CNN, ABC+RF, and PSO+NN is 84.610%, 

85.403%, 68.309%, and 76.276%, while the proposed 

FABC+FFRideNN attained better sensitivity of 96.562%, 

respectively. When selected features=12, the sensitivity 

obtained by the proposed FABC+FFRideNN is 97.473%. 

Hence, the percentage of improvement reported when 

comparing the proposed FABC+FFRideNN with the existing 

methods, like Leach+Mapreduce+EHO+LK-SVM, 

WBAN+Deep CNN, ABC+RF, and PSO+NN is 15%, 14%, 

40%, and 20%, respectively. 

Fig.  4 (c) shows the analysis of specificity by varying the 

selected features. When selected features=8, the specificity 

obtained by the existing methods, like 

Leach+Mapreduce+EHO+LK-SVM, WBAN+Deep CNN, 

ABC+RF, and PSO+NN is 80.762%, 84.532%, 62.929%, and 

66.821%, while the proposed FABC+FFRideNN attained 

better specificity of 87.731%, respectively. When selected 

features=9, the specificity obtained by the proposed 

FABC+FFRideNN is 91.206%. Hence, the percentage of 

improvement reported when comparing the proposed 

FABC+FFRideNN with the existing methods, like 

Leach+Mapreduce+EHO+LK-SVM, WBAN+Deep CNN, 

ABC+RF, and PSO+NN is 7%, 4%, 29%, and 28%, 

respectively. When selected features=10, the specificity 

obtained by the proposed FABC+FFRideNN is 93.145%. 

Hence, the percentage of improvement reported when 

comparing the proposed FABC+FFRideNN with the existing 

methods, like Leach+Mapreduce+EHO+LK-SVM, 

WBAN+Deep CNN, ABC+RF, and PSO+NN is 6%, 5%, 

21%, and 17%, respectively. When selected features=11, the 

specificity obtained by the existing methods, like 

Leach+Mapreduce+EHO+LK-SVM, WBAN+Deep CNN, 

ABC+RF, and PSO+NN is 87.500%, 88.587%, 80.314%, and 

81.854%, while the proposed FABC+FFRideNN attained 

better specificity of 95.359%, respectively. When selected 

features=12, the specificity obtained by the proposed 

FABC+FFRideNN is 95.841%. Hence, the percentage of 

improvement reported when comparing the proposed 

FABC+FFRideNN with the existing methods, like 

Leach+Mapreduce+EHO+LK-SVM, WBAN+Deep CNN, 

ABC+RF, and PSO+NN is 7%, 7%, 16%, and 14%, 

respectively. 

                                       (a) 
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Fig. 5. Comparative analysis based on selected 

features without considering velocity, (a) accuracy, 

(b) sensitivity, (c) specificity 

B. Comparative analysis by moving the IoT nodes with 3 

meter/ minute 

The comparative analysis of accuracy, specificity, and 

sensitivity by varying the selected features and training 

percentage by moving the nodes with the speed of 3 

meter/min is elaborated in this section. 

a) Comparative analysis by varying selected features 

Fig.  6 (a) shows the comparative analysis of accuracy by 

varying the selected features. When selected features=8, the 

accuracy obtained by the existing methods, like 

Leach+Mapreduce+EHO+LK-SVM, WBAN+Deep CNN, 

ABC+RF, and PSO+NN is 80.562%, 83.549%, 64.941%, and 

73.627%, while the proposed FABC+FFRideNN attained 

better accuracy of 84.762%, respectively. When selected 

features=9, the accuracy obtained by the proposed 

FABC+FFRideNN is 89.350%. 

Hence, the percentage of 
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improvement reported when comparing the proposed 

FABC+FFRideNN with the existing methods, like 

Leach+Mapreduce+EHO+LK-SVM, WBAN+Deep CNN, 

ABC+RF, and PSO+NN is 7%, 4%, 34%, and 20%, 

respectively. When selected features=10, the accuracy 

obtained by the proposed FABC+FFRideNN is 90.837%. 

Hence, the percentage of improvement reported when 

comparing the proposed FABC+FFRideNN with the existing 

methods, like Leach+Mapreduce+EHO+LK-SVM, 

WBAN+Deep CNN, ABC+RF, and PSO+NN is 6%, 4%, 

26%, and 18%, respectively. When selected features=11, the 

accuracy obtained by the proposed FABC+FFRideNN is 

93.870%. Hence, the percentage of improvement reported 

when comparing the proposed FABC+FFRideNN with the 

existing methods, like Leach+Mapreduce+EHO+LK-SVM, 

WBAN+Deep CNN, ABC+RF, and PSO+NN is 10%, 7%, 

30%, and 19%, respectively. When selected features=12, the 

accuracy obtained by the proposed FABC+FFRideNN is 

94.849%. Hence, the percentage of improvement reported 

when comparing the proposed FABC+FFRideNN with the 

existing methods, like Leach+Mapreduce+EHO+LK-SVM, 

WBAN+Deep CNN, ABC+RF, and PSO+NN is 10%, 8%, 

28%, and 13%, respectively. 

Fig.  6 (b) shows the analysis of sensitivity with respect to the 

selected features. When selected features=8, the sensitivity 

obtained by the existing methods, like 

Leach+Mapreduce+EHO+LK-SVM, WBAN+Deep CNN, 

ABC+RF, and PSO+NN is 80.33%, 81.90%, 63.54%, and 

70.93%, while the proposed FABC+FFRideNN attained 

better sensitivity of 92.08%, respectively. When selected 

features=9, the sensitivity obtained by the proposed 

FABC+FFRideNN is 93.46%. Hence, the percentage of 

improvement reported when comparing the proposed 

FABC+FFRideNN with the existing methods, like 

Leach+Mapreduce+EHO+LK-SVM, WBAN+Deep CNN, 

ABC+RF, and PSO+NN is 14%, 9%, 46%, and 30%, 

respectively. When selected features=10, the sensitivity 

obtained by the proposed FABC+FFRideNN is 94.87%. 

Hence, the percentage of improvement reported when 

comparing the proposed FABC+FFRideNN with the existing 

methods, like Leach+Mapreduce+EHO+LK-SVM, 

WBAN+Deep CNN, ABC+RF, and PSO+NN is 13%, 10%, 

42%, and 29%, respectively. 

Fig.  6 (c) shows the analysis of specificity by varying the 

selected features. When selected features=8, the specificity 

obtained by the existing methods, like 

Leach+Mapreduce+EHO+LK-SVM, WBAN+Deep CNN, 

ABC+RF, and PSO+NN is 80.98%, 85.51%. 66.89%, and 

76.77%, while the proposed FABC+FFRideNN attained 

better specificity of 90.00%, respectively. When selected 

features=9, the specificity obtained by the proposed 

FABC+FFRideNN is 91.89%. Hence, the percentage of 

improvement reported when comparing the proposed 

FABC+FFRideNN with the existing methods, like 

Leach+Mapreduce+EHO+LK-SVM, WBAN+Deep CNN, 

ABC+RF, and PSO+NN is 7%, 6%, 28%, and 17%, 

respectively. When selected features=10, the specificity 

obtained by the proposed FABC+FFRideNN is 92.92%. 

Hence, the percentage of improvement reported when 

comparing the proposed FABC+FFRideNN with the existing 

methods, like Leach+Mapreduce+EHO+LK-SVM, 

WBAN+Deep CNN, ABC+RF, and PSO+NN is 7%, 5%, 

20%, and 15%, respectively. 

 

 
(a) 

 
(b) 

 
(c) 

Fig. 6. Comparative analysis based on selected features 

with the movement of nodes at 3m/min, a) accuracy, b) 

sensitivity, c) specificity 

b) Comparative analysis by varying training percentage 

Fig.  7 (a) shows the analysis of accuracy by varying the 

training percentage. When training percentage=50%, the 

accuracy obtained by the existing methods, like 

Leach+Mapreduce+EHO+LK-SVM, WBAN+Deep CNN, 

ABC+RF, and PSO+NN is 80.168%, 82.813%, 73.431%, and 

77.631%, while the proposed FABC+FFRideNN attained 

better accuracy of 93.672%, 

respectively. When training 

percentage=60%, the accuracy 
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obtained by the proposed FABC+FFRideNN is 93.721%. 

Hence, the percentage of improvement reported when 

comparing the proposed FABC+FFRideNN with the existing 

methods, like Leach+Mapreduce+EHO+LK-SVM, 

WBAN+Deep CNN, ABC+RF, and PSO+NN is 16%, 13%, 

27%, and 19%, respectively. When training percentage=70%, 

the accuracy obtained by the proposed FABC+FFRideNN is 

93.921%. Hence, the percentage of improvement reported 

when comparing the proposed FABC+FFRideNN with the 

existing methods, like Leach+Mapreduce+EHO+LK-SVM, 

WBAN+Deep CNN, ABC+RF, and PSO+NN is 15%, 13%, 

27%, and 19%, respectively. When training percentage=80%, 

the accuracy obtained by the existing methods, like 

Leach+Mapreduce+EHO+LK-SVM, WBAN+Deep CNN, 

ABC+RF, and PSO+NN is 81.130%, 82.990%, 73.859%, and 

78.561%, while the proposed FABC+FFRideNN attained 

better accuracy of 94.406%, respectively. 

Fig.  7 (b) shows the analysis of sensitivity with respect to the 

training percentage. When training percentage=50%, the 

sensitivity obtained by the existing methods, like 

Leach+Mapreduce+EHO+LK-SVM, WBAN+Deep CNN, 

ABC+RF, and PSO+NN is 79.97%, 80.88%, 68.63%, and 

75.47%, while the proposed FABC+FFRideNN attained 

better sensitivity of 92.66%, respectively. When training 

percentage=60%, the sensitivity obtained by the proposed 

FABC+FFRideNN is 94.62%. Hence, the percentage of 

improvement reported when comparing the proposed 

FABC+FFRideNN with the existing methods, like 

Leach+Mapreduce+EHO+LK-SVM, WBAN+Deep CNN, 

ABC+RF, and PSO+NN is 18%, 16%, 37%, and 23%, 

respectively. When training percentage=70%, the sensitivity 

obtained by the proposed FABC+FFRideNN is 95.89%. 

Hence, the percentage of improvement reported when 

comparing the proposed FABC+FFRideNN with the existing 

methods, like Leach+Mapreduce+EHO+LK-SVM, 

WBAN+Deep CNN, ABC+RF, and PSO+NN is 19%, 18%, 

39%, and 25%, respectively. When training percentage=80%, 

the sensitivity obtained by the existing methods, like 

Leach+Mapreduce+EHO+LK-SVM, WBAN+Deep CNN, 

ABC+RF, and PSO+NN is 80.59%, 81.27%, 68.79%, and 

76.75%, while the proposed FABC+FFRideNN attained 

better sensitivity of 96.69%, respectively. 

Fig.  7 (c) shows the analysis of specificity by varying training 

percentage. When training percentage=50%, the specificity 

obtained by the existing methods, like 

Leach+Mapreduce+EHO+LK-SVM, WBAN+Deep CNN, 

ABC+RF, and PSO+NN is 81.906%, 84.606%, 80.295%, and 

80.375%, while the proposed FABC+FFRideNN attained 

better specificity of 92.063%, respectively. When training 

percentage=60%, the specificity obtained by the proposed 

FABC+FFRideNN is 93.381%. Hence, the percentage of 

improvement reported when comparing the proposed 

FABC+FFRideNN with the existing methods, like 

Leach+Mapreduce+EHO+LK-SVM, WBAN+Deep CNN, 

ABC+RF, and PSO+NN is 12%, 10%, 15%, and 14%, 

respectively. When training percentage=70%, the specificity 

obtained by the proposed FABC+FFRideNN is 96.907%. 

Hence, the percentage of improvement reported when 

comparing the proposed FABC+FFRideNN with the existing 

methods, like Leach+Mapreduce+EHO+LK-SVM, 

WBAN+Deep CNN, ABC+RF, and PSO+NN is 16%, 13%, 

19%, and 18%, respectively. When training percentage=80%, 

the specificity obtained by the existing methods, like 

Leach+Mapreduce+EHO+LK-SVM, WBAN+Deep CNN, 

ABC+RF, and PSO+NN is 83.558%, 85.397%, 80.896%, and 

81.890%, while the proposed FABC+FFRideNN attained 

better specificity of 96.911%, respectively. 

 
(a) 

 
(b) 

 
(c) 

Fig. 7. Comparative analysis based on training percentage 

with the movement of nodes at 3m/min, (a) accuracy, (b) 

sensitivity, (c) specificity 

C. Comparative analysis of throughput 

Here, the number of rounds considered to perform the routing 

is 500, such that the nodes allocated to entire the routing 

process are 20, 40, 60, 80, and 100. Initially 20 nodes are 

assigned to perform the routing process for 500 rounds, then 

40 nodes are allocated to perform the same routing process at 

500 rounds. Later 60 nodes are assigned to perform the 

routing process for 500 rounds, 

and then 80 nodes are assigned 

for routing at 500 rounds, and 
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finally100 nodes are assigned to perform the routing process 

for 500 rounds. 

Fig.  8 (a) shows the analysis of throughput by varying the 

number of nodes without velocity. When number of 

nodes=40, the throughput obtained by the existing methods, 

such as Leach+Mapreduce+EHO+LK-SVM, WBAN+Deep 

CNN, ABC+RF, and PSO+NN is 71.806%, 81.939%, 

68.059%, and 71.720%, while the proposed 

FABC+FFRideNN attained better throughput of 90.289%, 

respectively. 

Fig.  8 (b) shows the analysis of throughput by varying the 

number of nodes with the movement of nodes at 3 meter/min. 

When number of nodes=60, the throughput obtained by the 

existing methods, such as 

Leach+Mapreduce+EHO+LK-SVM, WBAN+Deep CNN, 

ABC+RF, and PSO+NN is 68.443%, 72.874%, 58.044%, and 

65.190%, while the proposed FABC+FFRideNN attained 

better throughput of 76.287%, respectively. 

 

 

(a) 

 
(b) 

Fig. 8. Comparative analysis of number of nodes, (a) 

throughput without node velocity, (b) throughput with 

the movement of 3 meter/min 

From the observed result it is noticed that the throughput 

increases when the number of node increases, which further 

lead to increase the performance. When a greater number of 

nodes are used, the delay might be reduced, which results 

effective training and performance.  

 

E. Comparative discussion 
The comparative discussion made using the proposed 

FABC+FFRideNN is explained in this section.  

Table- I: Comparative analysis of nodes without velocity 

Metrics Accuracy Sensitivity Specificity 

Methods Selected 

features 

(12) 

Training 

percentage 

(90%) 

Selected 

features 

(12) 

Training 

percentage 

(90%) 

Selected 

features 

(12) 

Training 

percentage 

(90%) 

Leach+Mapreduce+EHO+LK-SVM 86.746 81.559 84.711 82.687 88.851 82.24 

WBAN+Deep CNN 86.998 83.454 85.405 82.716 89.386 84.44 

ABC+RF 73.266 73.433 69.201 68.487 82.139 80.48 

PSO+NN 82.548 78.396 81.201 76.652 84.078 81.92 

Proposed FABC+FFRideNN 92.632 95.382 97.473 98.824 95.841 95.81 

 

Table- I shows the comparative discussion of nodes without 

velocity. The highest accuracy obtained by the proposed 

FABC+FFRideNN is 92.632 with the selected features of 12, 

while the existing methods, like 

Leach+Mapreduce+EHO+LK-SVM, WBAN+Deep CNN, 

ABC+RF, and PSO+NN obtained the accuracy for 12 

selected features is 86.746,86.998, 73.266, and 82.548, 

respectively. The maximum sensitivity obtained by the 

proposed FABC+FFRideNN is 98.824 for the training 

percentage of 90%. Moreover, the maximum specificity 

obtained by the FABC+FFRideNN is 95.841 for selected 

features=12. 
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Table- II: Comparative analysis of nodes with the movement of 3 meter/min 

Metrics Accuracy Sensitivity Specificity 

Methods Selected 

features 

(12) 

Training 

percentage 

(90%) 

Selected 

features 

(12) 

Training 

percentage 

(90%) 

Selected 

features 

(12) 

Training 

percentage 

(90%) 
Leach+Mapreduce+EHO+LK-SVM 86.106 81.323 83.97 80.88 88.78 83.76 

WBAN+Deep CNN 87.251 83.332 85.69 81.62 89.06 85.429 

ABC+RF 73.684 73.943 68.74 68.9 83.04 81.06 

PSO+NN 83.472 78.592 82.21 76.87 84.92 81.892 

Proposed FABC+FFRideNN 94.849 94.747 95.62 98.31 97.01 98.051 

 

Table-II shows the comparative discussion of nodes with the 

movement of 3 meter/min. The highest accuracy obtained by 

the proposed FABC+FFRideNN is 94.849 with the selected 

features of 12, while the existing methods, like 

Leach+Mapreduce+EHO+LK-SVM, WBAN+Deep CNN, 

ABC+RF, and PSO+NN obtained the accuracy for 12 

selected features is 86.106, 87.251, 73.684, and 83.472, 

respectively. The maximum sensitivity obtained by the 

proposed FABC+FFRideNN is 98.31 for the training 

percentage of 90%. Moreover, the maximum specificity 

obtained by the FABC+FFRideNN is 97.01 for selected 

features=12. 

VI. CONCLUSION 

In this research, an effective Fractional Artificial Bee Colony 

Chaotic Fruitfly Rider Optimization algorithm is developed to 

perform the big data classification using spark-based 

architecture. At first, the data is collected from the IoT nodes 

and forward the collected data to Cluster Head. The Cluster 

Head receives the data and passed the data to the Base Station, 

where the big data classification is performed using the 

proposed algorithm with spark architecture. Here, the big data 

classification is at the master node using the proposed 

Fractional Artificial Bee Colony- Chaotic Fruitfly Rider 

Optimization Algorithm. Rider Optimization Algorithm uses 

the concept of fictional computing to update the position of 

rider groups, which further used to increase the performance 

of big data classification. The proposed Chaotic Fruitfly 

Rider Optimization algorithm attained better performance 

using the metrics, such as accuracy, specificity, and sensitivity 

with the values of 95.382%, 95.81%, and 98.824% for 

training percentage without node velocity. In future, the 

performance of the data classification process will be 

enhanced using some other optimization algorithm. 
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