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Abstract With the development of Internet of Things (IoT), the quantity of mobile terminal devices is increasing rapidly. We 

aspire to reduce the energy consumption of all the UE;s by optimizing the UAV’s trajectories, utilize associations and resource 

allocations. To tackle the multi-UAV’s trajectories problem, a convex optimization-based CAT has been proposed. A DRL based 

AMECT including a matching algorithm has also been proposed. Simulation results explain that AMECT performance. Our 

analysis on the process of deploying Deep Learning models to mobile devices. This paper explain about the high transmission 

delay as well as limited bandwidth that can be considered the flying Advanced Mobile Edge Computing Taxonomy architecture, 

by taking advantage of the UAV’s helps to serve as the moving platform. Any drawbacks related to this process are within our 

scope. The system can still sustain very good presentation with the rapid expansion of the number of utilizers or the amount of 

data. 
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I.INTRODUCTION 

World becomes inclusive due to innovative promising 

technologies as well as development. New development in 

technological sector has brought change in the living of 

society. In small interval of time mobile phones have increased 

connectivity among people. Mobile phones have provided them 

with the instance to remain associated irrespective of their 

locations. Mobile phone connectivity is presented at all 

locations in all the time functions. Mobile phone has 

optimistically contributed toward the relationship along with 

the society individuals. Cell phones have increased the access 

of people to all levels. Life become simple in all fields as well 

as it has also some negative effect. Mobile phone has also 

created problem of ethics. The dependence on the procedure of 

mobile phone has increased among people. Mobile phone has 

shaped redundant relationship between the people. The impact 

of mobile phone can be positive or negative.  

With the success of wireless local access network 

(WLAN) technology (Wi-Fi) as well as second/third/fourth 

generation (2G/3g/4G) mobile network [1]. Now a days mobile 

phone can not only send voice and text messages but also 

easily and expediently access the Internet has been accepted as 

the most innovative development of mobile Internet. The world 

wide active mobile broadband subscriptions in 2018 have 

increased to 4.22 billion which is 9.21% higher than that in 

2020 [2]. 

 

 

 

 

1.1 Deep Learning Introduction 

Deep Learning (DL) is discovery its way into a 

increasing number of mobile software applications. A DL 

program encodes the structure of an enviable DL model and the 

process by which the model is trained utilizing training data. 

Due to the increasing dependency of current mobile apps on 

DL, software engineering (SE) for mobile DL apps has become 

most important. The existing efforts in software engineering 

research community mainly focus on the development of DL 

models and extensively analyze and solve the faults in DL 

programs. In contrast, liabilities associated to the deployment 

of DL models on mobile devices termed as placement faults of 

mobile DL.  

By 2022, it is approximate that the total number of 

Internet-connected devices being utilized will be between 25 

and 50 billion. As these numbers grow and technologies 

become more nature, the volume of data being published will 

increase. The technology of Internet-connected devices, 

referred to as Internet of Things (IoT), continues to extend the 

current Internet by providing connectivity and interactions 

between the physical as well as cyber worlds. It’s a term that 

covers a particular approach to building and training neural 

data processing. Data Processing have been around since the 

1950s, a tremendously promising laboratory idea whose 

practical operation has been beset by invariable delays.  
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1.2 Fundamental Concepts of Deep Learning 

Artificial intelligence approaches as well as 

application have recently displayed enormous contribution in 

modelling as well as prediction of the hydrological processes, 

temperature change, as well as earth systems. Among them, 

deep learning and machine learning methods mainly have 

reported being essential for achieving higher accuracy, 

robustness, efficiency, computation cost, as well as overall 

model performance. Deep learning algorithms are depending 

on distributed representations. The fundamental statement 

behind dispersed representations is that experiential data is 

produced by the communications of influences systematized in 

layers. Deep learning enhances the supposition that these layers 

of factors parallel to levels of concept or arrangement. Varying 

numbers of layers and layer sizes can be utilized to provide 

dissimilar amounts of abstraction [3]. Many deep learning 

algorithms are applied to unsupervised learning tasks. This is 

an important benefit as unlabelled data is usually more 

abundant than labelled data. Deep learning is generally 

interpreted in terms of: Universal approximation theorem [24] 

or Probabilistic inference [13]. 

 II. LITERATURE REVIEW 

In human activity recognition can be broadly 

categorized based on different devices, sensor model and data 

used for detection of activity details. Video based sensors are 

used to capture images video or surveillance camera features to 

recognize daily activity. The introduction of mobile phones and 

other wearable sensors, inertial sensor data (Bhattacharya & 

Lane, 2016; Bulling, Blanke, & Schiele, 2014b) are collected 

using mobile or wearable embedded sensors placed at different 

body positions in order to infer human activities details and 

transportation modes. The use of social data processing 

methods (Y.Jia et al.2016) that exploit appropriate utilizers 

information from multiple social data processing sources to 

understand user behaviour and interest have also been proposed 

recently. In addition, wireless signal created human activity 

recognition (Savazzi Rampa, Vicentini & Giussani, 2016) takes 

advantages of signal propagated by the wireless devices to 

categorise human activity.  

Social data processing sources to understand utilizer 

behaviour and interest have also been proposed recently. In 

addition, wireless signal based human activity recognition. The 

research landscape in human motion analysis activity 

monitoring as well as discovery outstanding to their obvious 

advantages over other sensor sense modality (Cornacchia, 

Ozcan, Zheng, &Velipasalar, 2017). Usually, mobile phones 

and wearable founded sensors for human activity 

documentation are driven by their ubiquity. 

Dean et al. [38] consider the problem of training a 

Deep Learning neural network with billions of parameters 

using tens of thousands of CPU cores, in the context of speech 

recognition and computer vision. A software framework, 

Disbelief, is developed that can utilize computing clusters with 

thousands of machines to train large-scale models. The 

framework supports model parallelism both within a machine 

via multithreading and across machines via message passing, 

with the details of parallelism, synchronization, and 

communication managed by Disbelief.  

Glorot et al. [7] demonstrate that Deep Learning is 

able to discover intermediate data representations in a 

hierarchical learning manner, and that these representations are 

meaningful to, and can be shared among, different domains. In 

their work, a stacked denoising auto encoder is initially used to 

learn features and patterns from unlabelled data obtained from 

different source domains. 

Zhang et al. [16] collected faults in TF programs from 

SO and GitHub. They are categorized the symptoms and root 

causes of these faults through manual analysis. Humbatova et 

al [18], and Islamet al [17] extended their scope to the faults in 

programs written based on five popular DL frameworks to 

present more comprehensive results. A popular way is to 

deploy them on mobile devices. In addition, researchers have 

built number of DL based applications on mobile devices [11], 

[4],[5]. To bridge the knowledge gap between gap between 

research and practice, Xu et al [22] conducted an empirical 

study on large scale Android apps collected from Google play 

store and demonstrated the increasing popularity of Deep 

Learning in real world mobile apps. Despite such popularity 

and the related techniques for deploying deep learning models 

to mobile devices are still not very mature. Recently, Guoet al. 

[23] investigated the performance gap when the trained deep 

learning models are migrated from PC to mobile devices with 

the help of TF life and Core ML.  

III. METHODOLOGY 

Challenge’s taxonomy of applying DL at the Edge in 

5G data collections, which categorizes the research articles that 

focus primarily on applications of deep learning techniques 

utilized in data collection operations. Mobile edge computing 

(MEC) has the advantage of proximity to utilizers, which can 

meet the low latency (URLLC), high bandwidth (eMBB), and 

high availability (mMTC) goals of 5G. Data Collection by 

leveraging the breakthroughs discussed in the previous section. 

5G Data Collection present interesting challenges best 

addressed at the mobile edge to reduce latency and incorporate 

locally significant information. Mobile edge computing can 

leverage proximity to utilizer to address a variety of challenges 

in 5G Data Collection in particular which often require 

automated management utilizing DL for increasingly complex 

series of tasks. Solutions combining DL for 5G promise better 

efficiency when conducted near the end utilizer in mobile edge 

computing rather than in the core data collection. For instance, 

mixing mobile edge computing with 5G data collection 

seamlessly connects existing cloud computing with edge 

computing to enable novel applications.  

3.1 System Specification 

For the execution of pattern classification and the 

computation of the text classification analysis the JAVA 

software. It is a realistic different library packages which the 

patterned the text document as an interactive programming 

environment 

Hardware Requirements  

 

The minimum Hardware requirements for a PC:  

1. Operating System as Windows-7 or 8 

having 2 or 4 GB  

RAM.  

2. Hard Disk capacity of 40 G.B or higher.  
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Software Necessities  

1. The language used to code the system is 

Java JDK 1.7.0 & JRE 6. 

2. Eclipse or Net Beans 8.0 Version as 

programming is totally Java based.  

3. For system designing the Software’s 

required would-be Star UML.  

3.2 Advanced Mobile Edge Computing Taxonomy 

Advanced Mobile Edge Computing has the three main 

functional requirements of the 5G data collection are 

introduced to show that its full deployment requires computing, 

storage, and data collection infrastructure close to the utilizer 

and the infrastructure, whether fixed or mobile, of the end user. 

The second part introduces a Advanced Mobile Edge 

Computing Taxonomy, clarifying the functionalities and the 

geographic areas that edge computing covers to demonstrate 

the essentiality of Advanced Mobile Edge Computing 

Taxonomy in 5G deployments. Addressing the rapidly 

changing Internet demand requires rethinking data collection 

and information delivery designs. A combination of newly 

developed 5G data collections and Advanced mobile edge 

computing Taxonomy (AMECT) will enable Internet service 

providers (ISPs) to meet consumer difficulties. AMECT for 5G 

several models of computing operate in the data collection 

environment, including mobile computing, cloud computing, 

fog computing, and edge computing. Taxonomy of the data 

collection computing paradigm. AMECT Advanced Mobile 

Computing creates an isolated, non-centralized, data collection 

edge, or off data collection environment made up of elements 

that share data collection, computing, and storage properties. 

3.3 Data Collection 

Mining SO: As one of the most popular community 

driven Q&A websites, SO’s utilizers range from novices to 

experts, increasing the diversity of our collected faults. In 

addition, developers often post questions on SO for the faults 

that they cannot find solutions quickly, leading to more 

nontrivial faults in our dataset. Assemble the applicable on SO 

in the following steps. We first download the entire SO dataset 

from the official Stack Exchange Data Dump on June 7, 2020. 

3.4 Proposed CAT Algorithm 

In this section, a convex optimization-based CAT is 

proposed to solve the above problem P1. We first define a set 

of new variables to denote the trajectories of  

UAVs as G = {(𝑡), ∀𝑗∈ M, 𝑡∈ T },  

where the coordinate is 

𝐺𝑗(𝑡) = [𝑋𝑗(𝑡), 𝑌𝑗(𝑡)], 𝑋𝑗(𝑡) = 𝑋𝑗(0) + Í𝑡𝑙=1 𝑑𝑗(𝑙)cos 

𝜃ℎ𝑗 (𝑙)  and 𝑌𝑗(𝑡) = 𝑌𝑗(0) + Í𝑡𝑙=1 𝑑𝑗(𝑙)sin 𝜃ℎ𝑗 (𝑙)  .  

Thus, the optimization problem P1 can be 

reformulated 

P2 : min G,A,F ∑︁𝑁𝑖=1 ∑︁𝑀𝑗=0 ∑︁𝑇𝑡=1 𝑎𝑖𝑗(𝑡)𝐸𝑖𝑗(𝑡𝑎𝑖 (𝑡)||𝐺𝑗(𝑡) − 

𝑞𝑖 ||2 ≤ (𝑅 max) 2 , ∀𝑖∈ N, 𝑗∈ M, 𝑡∈ T, (25b) ||𝐺𝑗(𝑡 + 1) − 

𝐺𝑗(𝑡)||2 ≤ (𝑑 max) 2 , ∀𝑡∈ {0, 1, ..., 𝑇 –1} 

Where 𝑞𝑖 = [ , 𝑦𝑖]. In order to solve P2, we divide it into two 

sub problems and apply the block coordinate descent (BCD) 

method to address it. To this end, first optimize the utilizer 

association A and resource allocation F given the UAV 

trajectory G. Then, we optimize the UAV trajectory G given 

the utilizer association A and resource allocation F. We solve 

the two optimization problems iteratively, until the 

convergence is achieved. 

Advanced Mobile Edge Computing Taxonomy Algorithm 

Input: utilizer task radio bandwidth resource W Total, 

computing capability of utilizers and CAP nodes  

Output: task offloading results a Initialize replay memory D to 

capacity  

Step 1:N Initialize action-value function  

Step 2:Q with weight ω Initialize to generate action-value  

Step 3: function Qb with weights ω ′ = ω initialize states s1  

Step 4: for t = 1, T do with probability ω select a random 

action are 

 

                     random, 

at = 

                   arg mina (Q(St,a;w)), 1-€         

 

 

Step 5: Perform at in the environment, observe the reward r 

and the next state st+1  

Store transition (st ,at ,rt ,st+1) in D 

Step 6: Sample random minibatch of transitions (si ,ai ,ri ,si+1) 

from D 

Step 7: yi = ri + arg mina (Qb(s ′ t , a′ ; ω ′ )  

Step 8: Performing gradient descent 

Step 9: Interval C step to update Qb = Q  

Step 10: end for 

 

Each CAP is associated with of θm. Fron the set {θm|1 ≤ m ≤ 

M}, select one best CAP which has the largest θm among M 

ones, 

e ∗ = arg max θm. 

The refined dataset, which consists of 287 posts, is 

utilized for distilling symptoms and fix strategies through 

manual labelling. The scale of this dataset is equivalent and 

even larger than those utilized in existing fault-related studies 

that also require manual inspection. Next, present our 

procedures of manual labelling. 1) Pilot Labelling: First, 

casually sample 50% of the 287 posts for a pilot labelling. 

Authors read and reread all the posts to understand the context 

of faults and assign each post with short but descriptive phrases 

as initial codes to indicate (i) the fault symptom that shows 

what the fault looks like and (ii) the fix strategy that tells how a 

fault is fixed. In this process, they take all the contents of each 

post, including the title, description, code snippets, error 

messages, comments, answers, and even URLs mentioned by 

developers, for careful inspection. Then, they proceed to 

construct taxonomies for symptoms and fix strategies, 

respectively.  

Specifically, they group similar codes into categories 

and the grouping process is iterative, in which they 

continuously go back and forth between categories and posts to 

refine the taxonomies. 2) Reliability Analysis: For reliability 

analysis, the first two authors then independently label the 

remaining 50% posts based on the coding schema generated in 

the pilot labelling. Specifically, they label each post with 

identified symptom and fix strategy categories and add 

category named. To measure the interrater agreement during 
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the independent labelling, we employ the widely utilized 

Cohen’s Kappa as the indicator. The values obtained for 

symptoms and fix strategies are 0.819 and 0.743, indicating 

almost perfect agreement and substantial agreement, 

respectively. In Fig 3.1 Data flow diagram of advanced Mobile 

edge computing taxonomy explain about mobile application, 

Migration environment awareness, MEC server execution 

process and the Data flow propagation. 

Computation offloading has already shown itself to be 

successful for enabling resource-intensive applications on 

mobile devices. Moreover, in view of Advanced Mobile Edge 

Computing Taxonomy (AMECT) system, mobile devices can 

offload compute-intensive tasks to a nearby cloudlet, so as to 

save the energy and enhance the processing speed. 

 

 

 

Fig.3.1 Data Flow Diagram of Advanced Mobile Edge 

Computing Taxonomy 

 

However, due to the varying data processing 

conditions and limited computation resources of cloudlets, the 

offloading actions taken by a mobile utilizer may not achieve 

the lowest cost. In this paper, we develop a dynamic offloading 

framework for mobile utilizers, considering the local overhead 

in the mobile terminal side. 

IV.EXPERIMENTAL RESULTS 

Data Processing Delay Optimization in Advanced Mobile 

Edge Computing Taxonomy 

Based on the collected MEC, a service server uses 

AMECT analytics to discover hidden patterns and information. 

The importance of AMECT analytics stems from its roles in 

building complex mobile systems that could not be assembled 

and configured on small datasets. AMECT analytics is more 

versatile than conventional big data problems as data sources 

are portable and data traffic is crowd sourced. AMECT 

analytics deals with massive amount of portable and data 

traffic is crowd sources. AMECT analytics deals with massive 

amount of data which is collected by millions of mobile 

devices. The main characteristics of AMECT which complicate 

data analytics and learning on AMECT compared to small 

datasets. 

 

Fig 3.2 Computation and Communication Delay of 

AMECT 

In Fig 3.2 for the computation delay of cloud servers, 

do not consider the data loss rate. The principle of conservation 

of Σ𝑖∈𝑀𝜆𝑖𝑗 = 𝑦𝑗 shows that the amount of data that needs to be 

processed by cloud server. To achieve useful traffic prediction, 

it is necessary to predict utilizer mobility and, the demand for 

data collection resources, as well as be able to classify traffic 

origin in real time to assign to the correct slice. 

  V. CONCLUSION 

The concept of AMECT algorithm is proposed to 

solve the problem of high delay of data processing in 

traditional cloud computing. In edge computing layer, we use 

the method of the cooperation between multiple edge nodes to 

advance data processing competence in addition decrease the 

calculation interruption of edge computing sheet. We attention 

our analysis on the procedure of establishing DL 

representations to mobile devices. The system can still 

maintain good performance with the rapid growth of the 

number of utilizers or the amount of data. 

 

References 

[1] M. Myint, A. Adam, S. Herath, and G. Smith, “Mobile 

phone applications in management of enuresis:The good, the 

bad, andthe unreliable!,” Journal of Pediatric Urology, vol. 12, 

no. 2, pp.112–112.e6, 2016. 

 

[2] R. Whittaker, R. Borland, C. Bullen, R. Lin, H. McRobbie, 

andA. Rodgers, “Mobile phone-based interventions for 

smokingcessation,” Cochrane Database of Systematic Reviews, 

no. 3,2007. 

[3] L. F. Garabedian, D. Ross-Degnan, and J. F. Wharam, 

“MobilePhone and Smartphone Technologies for Diabetes 

Care andSelf-Management,” Current Diabetes Reports, vol. 

15, no. 12,article no. 109, 2015. 

[4] M. Stanley, Y. Huang, T. Loh, Q. Xu, H. Wang, and H. 

Zhou,“A high gain steerable millimeter-wave antenna array for 

5Gsmartphone applications,” in Proceedings of the 11th 

EuropeanConference on Antennas and Propagation, EUCAP 

2017, pp.1311–1314, March 2017. 

http://www.ijcrt.org/


www.ijcrt.org                                               ©  2021 IJCRT | Volume 9, Issue 11 November 2021 | ISSN: 2320-2882 

IJCRT2111287 International Journal of Creative Research Thoughts (IJCRT) www.ijcrt.org c571 
 

[5] A. Backholm, M. Tervahauta, S. Salorinne et al., “Seven 

NetworksInc,” in Dynamic adjustment of keep-alive messages 

forefficient battery usage in a mobile network, pp. 15–883, 

U.S.Patent Application, 2018. 

[6] A. Orsino, A.Ometov,G. Fodor et al., “Effects 

ofHeterogeneousMobility onD2D- andDrone-AssistedMission-

CriticalMTCin5G,” IEEE Communications Magazine, vol. 55, 

no. 2, pp. 79–87,2017. 

[7] P. Rost, C. Mannweiler, D. S. Michalopoulos et al., 

“NetworkSlicing to Enable Scalability and Flexibility in 5G 

MobileNetworks,” IEEE Communications Magazine, vol. 55, 

no. 5, pp.72–79, 2017. 

[8] Q. Zhao, S. Lyu, B. Zhang, and W. Feng, 

“MultiactivationPooling Method in Convolutional Neural 

Networks for ImageRecognition,”Wireless Communications 

andMobile Computing, 

vol. 2018, Article ID 8196906, 15 pages, 2018. 

[9] M. A. Raja, A. Mehmood, A. u. Rehman, A. Khan, and 

A.Zameer, “Bio-inspired computational heuristics for Sisko 

fluidflow and heat transfer models,” Applied Soft Computing, 

vol. 71,pp. 622–648, 2018. 

[10] L. Atzori, A. Iera, G. Morabito, The internet of things: a 

survey, Comput. Netw. 54 

(15) (2010) 2787–2805. 

[11] C. Cecchinel, M. Jimenez, S. Mosser, M. Riveill, An 

architecture to support the collection of big data in the internet 

of things, in: 2014 IEEE World Congress on Services, IEEE, 

2014, pp. 442–449. 

[12] M. Weiser, The computer for the 21st century, Mob. 

Comput. Commun. Rev. 3 (3)(1999) 3–11. 

[13] A. Sheth, Computing for human experience: semantics-

empowered sensors, services, and social computing on the 

ubiquitous web, IEEE Internet Comput. 14(1) (2010) 88–91. 

[14] J. Manyika, M. Chui, B. Brown, J. Bughin, R. Dobbs, C. 

Roxburgh, A.H. Byers, BigData: The Next Frontier for 

Innovation, Competition, and Productivity, McKinseyGlobal 

Institute, pp:156, 2011,  

 

[15] A. Sheth, Internet of things to smart iot through semantic, 

cognitive, and perceptual computing, IEEE Intell. Syst. 31 (2) 

(2016) 108–112. 

[16] S. Bin, L. Yuan, W. Xiaoyi, Research on data mining 

models for the internet of things, in: 2010 International 

Conference on Image Analysis and Signal Processing, IEEE, 

2010, pp. 127–132. 

[17] H. Gonzalez, J. Han, X. Li, D. Klabjan, Warehousing and 

analyzing massive rfiddata sets, in: 22nd International 

Conference on Data Engineering (ICDE’06), IEEE,2006, 83–

83. 

[18] F. Chen, P. Deng, J. Wan, D. Zhang, A.V. Vasilakos, X. 

Rong, Data mining for the internet of things: literature review 

and challenges, Int. J. Distrib. Sens. Netw.2015 (2015). 

[19] C.-W. Tsai, C.-F. Lai, M.-C. Chiang, L.T. Yang, Data 

mining for internet of things: a survey, IEEE Commun. Surv. 

Tutor. 16 (1) (2014) 77–97. 

[20] A. Zanella, N. Bui, A. Castellani, L. Vangelista, M. Zorzi, 

Internet of things for smart cities, IEEE Internet Things J. 1 (1) 

(2014) 22–32. 

[21] Y. Qin, Q.Z. Sheng, N.J. Falkner, S. Dustdar, H. Wang, 

A.V. Vasilakos, When things 

matter: a survey on data-centric internet of things, J. Netw. 

Comput. Appl. 64(2016) 137–153. 

[22] M. Ma, P. Wang, C.-H. Chu, Ltcep: efficient long-term 

event processing for internet of things data streams, in: 2015 

IEEE International Conference on Data Science and Data 

Intensive Systems, IEEE, 2015, pp. 548–555. 

[23] Payam Barnaghi, Amit Sheth, The Internet of things: The 

story so far, IEEE Internet Things, 915 (2014). 

[24] Z. Sheng, S. Yang, Y. Yu, A.V. Vasilakos, J.A. McCann, 

K.K. Leung, A survey on the protocol suite for the internet of 

things: standards, challenges, and opportunities, IEEE Wirel. 

Commun. 20 (6) (2013) 91–98. 

[25] F. Bonomi, R. Milito, J. Zhu, S. Addepalli, Fog computing 

and its role in the internet of things, in: Proceedings of the First 

Edition of the MCC Workshop on Mobile Cloud Computing, 

ACM, 2012, pp. 13–16. 

 

Authors 

  Dr.S.Brindha received B.Sc degree in 

Science from Bharathiyar University. She done her Master 

Degree in Information Science and Management in Periyar 

University and she awarded M.Phil Computer Science from the 

Bharathiyar University. She received the Ph.D degree in 

Computer Science from the Bharathiar University. She has 5 

years of teaching experience and 6 years of Technical 

Experience in Hash Prompt Softwares Pvt. Ltd. At present she 

is working as Assistant Professor of Computer Applications in 

Vellalar College for Women, Erode, Tamilnadu, India. She 

published around 16 research papers in International Journals 

and Conferences Her Research area includes Text Mining and 

Image Processing, Pattern Taxonomy Mining. 

 

 Dr. S. Sukumaran graduated in 1985 with a 

Degree in Science. He obtained his Master Degree in Science 

and M.Phil in Computer Science from the Bharathiar 

University. He received the Ph.D degree in Computer Science 

from the Bharathiar University. He has 29 years of teaching 

experience starting from Lecturer to Associate Professor. At 

present he is working as Associate Professor of Computer 

Science in Erode Arts and Science College, Erode, Tamilnadu, 

India. He has guided for more than 55 M.Phil and 12 Ph.D 

Research Scholars in various fields. Currently he is Guiding 6 

Ph.D Scholars. He is a member of Board studies of various 

Autonomous Colleges and Universities. He published around 

75 research papers in National and International Journals and 

Conferences. His current research interests include Image 

Processing and Data Mining. 

 

 

http://www.ijcrt.org/

