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Abstract—  Network intrusion detection aims at declassifying 

the attack on the Internet from normal use of the Internet and is 

an indispensable part of the information security system 

.Network consists of nodes whose operation can be controlled by 

the underlying network.KDDCUP’99 is the most widely used 

data set for the evaluation of signature-based IDSs. In this paper, 

two algorithms are used. First, decision stumps are used as weak 

classifiers. In the second algorithm, online Adaboost process is 

used and online Gaussian mixture models (GMMs) are used as 

weak classifiers. In addition to the algorithm proposed, Particle 

Swarm Optimization (PSO) and Support Vector Machines 

(SVM) isused.A distributed intrusion detection framework is 

proposed, in which a local parameterized detection model is 

constructed in each node using the online Adaboost algorithm. 

The global detection model is constructed in each node by 

combining the local parametric models using a few samples in the 

node, which is used to detect intrusions. The algorithm combines 

the local detection models into a global model in each node. This 

handles the intrusion types found in other nodes, without having 

to share samples of these intrusion types.     

 
Index Terms—Adaboost, Decision Stumps, Dynamic 

Distributed System, GMM, KDD’99, Network Intrusion, PSO, 

SVM. 

I. INTRODUCTION 

Internet plays a significant role in communication between 

people. To ensure a secure communication between two 

parties, we need aneffective security system to detect the 

attacks. Network intrusion detection serves as a major system 

to work with other security systemsin order to protect the 

computer networks[1-5]. The main focus of network intrusion 

detection techniques is to obtain or capture and scrutinize the 

various header parts and data portion of the packets and 

classify the attack packets from the normal packets. There are 

two types of intrusion detection systems namely misuse based 

detection and anomaly based detection. The anomaly based 

detection system first learns normal user activities and then 

separates all user behaviors that deviate from the already 

learned activities.The primary feature of anomaly based 

detection is the adequacy of detecting the novel attacks which 

are different from the already learned attacks, while its main 

drawback is that it erroneously classifies the normal user  

 

behaviors as attacks, which generatesa higher false positive 

rate[6-9]. The misuse-based detection uses certain standard 

patterns of attacks to detect intrusions by representation of the 

same pattern of attack. Misuse based detection has higher 

network attack detection rate than anomaly based detection, 

but it is failing to detect novel attacks. An intruder is an 

attacker, person or group of people who initiates the activities 

during an interruption. Attackers can be from within the 

trusted network, person who has the access to system with 

normal user rights or someone who uses a hole in some OS to 

escalate their access level, or admin rights or can be from 

outside of the system or network that is someone on another 

network or even in some other country who exploits a 

weakness, vulnerability in an insecure network service on the 

system to take unauthorized entry and access of the credible 

network. Intrusion recognition systems are in fact a layer of 

security used to notify continuing interfering active[10-

13]ities in some information systems. Usually, to avert this 

dependency, a list of learning techniques and data mining 

techniques has been identified in intrusion 

discovery.Distributed detection shares local intrusion 

detection models learned in local nodes and can reduce data 

communications, distribute the computational burden, and 

protect privacy. 

We are using KDD’99 as our training dataset, and attacks 

from them as testing data. We use decision stumps as weak 

classifiers in the first instance. GMM classifier is constructed 

for each classifier.With this the local models are constructed at 

each node. After this, PSO and SVM are used for reducing and 

combining the results. This results in the creation of the global 

models.   

II. OVERVIEW 

A. Abbreviations and Acronyms 

We have used the following algorithms in this paper: 

1. Gaussian Mixture Models (GMM): A Gaussian 

Mixture Model (GMM) is a parametric probability 

density function represented as a weighted sum of 

Gaussian component densities.  

2. Particle Swarm Optimization (PSO): is a 

computational method that optimizes a problem 
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by iteratively trying to improve a candidate 

solution with regard to a given measure of quality. 

3. Support Vector Machines(SVM): It performs 

classification by finding the hyper-plane that 

maximizes the margin between the two classes. The 

vectors (cases) that define the hyper-plane are the 

support vectors.  

B. Our Framework 

In the distributed intrusion detection framework, each node 

independently builds its own local intrusion detection model 

in consonance with its own data. By connecting all the local 

models, at each node, a global model is trained using a limited 

number of the samples in the node, without sharing any of the 

original training data between nodes. The global model is 

finally used to detect intrusions at the node. Fig. 1 gives an 

overview of our framework that consists of the modules of 

data preprocessing, local models, and global models. 

 

Distributed Node 1             …          Distributed Node N 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

1) Data Preprocessing: For each network connection, three 

groups of featuresthat are commonly used for intrusion 

detection are extracted: basic features of individual 

transmission control protocol (TCP) connections, content 

features within a connection suggested by domain knowledge, 

and traffic features computed using a two-second time 

window. The extracted feature values from a network 

connection form a vector x = (x1, x2, . . . ,xD), where D is the 

number of feature components. There are continuous and 

categorical features, and the value ranges of the features may 

differ greatly from each other[14-17]. The framework for 

constructing these features can be found in features. A set of 

data is labeled for training purposes. There are many types of 

attacks on theInternet. The attack samples are labeled as −1, 

−2,...depending on the attack type, and normal samples are all 

labeled as +1.  

2) Local Models: The construction of a local detection 

model at each node includes the design of weak classifiers and 

Adaboost-based training. Each individual feature component 

corresponds to a weak classifier. In this way, the mixed 

attribute data for the network connections can be handled 

naturally, and full use can be made of the information on each 

feature. The Adaboost training is implemented using only the 

local training samples at each node. After training, each node 

contains a parametric model that consists of the parameters of 

the weak classifiers and the ensemble weights[18-22]. 

3) Global Models: By sharing all the local parametric 

models, a global model is constructed using the PSO and 

SVM-based algorithm in each node. The global model in each 

node fuses the information learned from all the local nodes 

using a small number of training samples in the node. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

The outcomes of the global model in the node are used to 

update the local model in the node and the updated model is 

then shared by other nodes.   

III. RELATED WORK 

1. J. B. D. Caberera, B. Ravichandran, and R. K. 

Mehra 

KDD ’99 CUP DATA SET 

Online Adaboost Learning 

Local Model 1 

Feature Extraction and 

Data Labeling 

 

Global Model 1 

KDD ’99 CUP DATA SET 

PSO and SVM 

algorithm 

KDD ’99 CUP DATA SET 

Online Adaboost Learning 

Local Model 1 

Feature Extraction and 

Data Labeling 

 

Global Model 1 

KDD ’99 CUP DATA SET 
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Examines the application of statistical traffic 

modeling for detecting novel attacks against 

computer networks. In this paper application of 

network activity models and application models 

using the 1998 DARPA Intrusion Detection 

Evaluation data set is discussed. Network activity 

models monitor the volume of traffic in the network, 

while application models describe the operation of 

application protocols. 

2. W. Lee, S. J. Stolfo, and K. Mork 

This paper describes a data mining framework for 

adaptively building Intrusion Detection (ID) models. 

The central idea is to utilize auditing programs to 

extract an extensive set of features that describe 

each network connection or host session, and apply 

data mining programs to learn rules that accurately 

capture the behavior of intrusions and normal 

activities. These rules can then be used for misuse 

detection and anomaly detection[23-27]. 

3. H. G. Kayacik, A. N. Zincir-heywood, and M. 

T. Heywood- 

 An approach to network intrusion detection is 

investigated, based purely on a hierarchy of Self-

Organizing Feature Maps. To do so, the KDD 

benchmark dataset from the International 

Knowledge Discovery and Data Mining Tools 

Competition is employed.  

4. J. Kittler, M. Hatef, R. P. W. Duin, and J. 

Matas-  

This paper describes a common theoretical 

framework for combining classifiers which use 

distinct pattern representations and show that many 

existing schemes can be considered as special cases 

of compound classification where all the pattern 

representations are used jointly to make a decision. 

5. P. Z. Hu and M. I. Heywood-  

Intrusion Detection Systems are typically deployed 

for real time operation, but are limited to identifying 

attacks once initiated. The potential for predicting an 

attack before it occurs is investigated. To do so, a 

two-stage process is employed with a classification 

stage following that of a predictor. Predictors are 

based on the SOM and classifier on an SVM.  

5. Z. Zhang and H. Shen- 

To break the strong assumption that most of the 

training data for intrusion detectors are readily 

available with high quality, conventional SVM, 

robust SVM and one-class SVM are modified 

respectively in virtue of the idea from Online 

Support Vector Machine (OSVM) in this paper, and 

their performances are compared with that of the 

original algorithms. 

7. H. Lee, Y. Chung, and D. Park- 

An adaptive intrusion detection algorithm which 

combines the Adaptive Resonance Theory(ART) 

with the Concept Vector and the Mecer-Kernel is 

presented. Compared to the supervised- and the 

clustering-based Intrusion Detection Systems 

(IDSs), our algorithm can detect unknown types of 

intrusions in on-line by generating clusters 

incrementally. 

IV. CHALLENGESIN EXISTING SYSTEMS 

1) Network environments and the intrusion training data 

change promptly over time, as new types of attack surface. 

Also the size of the training data increases over time and can 

become gigantic. Most existing algorithms for training 

intrusion detectors are offline. The intrusion detector must be 

retrained periodically in batch mode in order to keep up with 

the changes in the network. This retraining is very time 

consuming.     

2) There are various types of attributes for network connection 

data, including both categorical and continuous ones, and the 

value range for different attributes differ greatly—from {0, 1} 

to describe the normal or error status of a connection, to 

specify the number of data bytes sent from source to 

destination. The combination of data with different attributes 

without loss of information is crucial to maintain the accuracy 

of intrusion detectors. 

 3) In traditional centralized intrusion detection, in which all 

the network data are sent to a central site for processing, the 

raw data communications occupy considerable network 

bandwidth. There is a computational burden on the central site 

and the privacy of the data obtained from the local nodes 

cannot be protected. 
 

V. PROPOSED SYSTEM 

 

The classical Adaboost algorithmaccomplishes the training 

task in batch mode. A number of weak classifiers are 

established using a training set. Weights, which indicate the 

priority of the training samples, are obtained from the 

classification errors of the weak classifiers. The final strong 

classifier is an ensemble of weak classifiers. The classification 

error of the final strong classifier converges to 0. However, the 

Adaboost algorithm based on offline learning is not suitable 

for networks. Hence we apply online versions of Adaboost to 

construct the local intrusion detection models. 

 

A: Weak Classifiers: 

1)  Weak classifiers that can be updated online match the 

requirement of dynamic intrusion detection. We consider two 

types of weak classifiers. The first type consists of decision 

stumps for classifying attacks and normal behaviors. The 

second type consists of online GMMs that model a 

dissemination of values of each feature component for each 

attack type.  

 Decision Stumps: is a decision tree with a root node and 

two leaf nodes. A decision stump is constructed for each 

feature component of the network connection data. For a 

categorical feature f, the set of attribute values Cf is divided 

into two subsets Cf
i and Cf

n with no intersection and the 

decision stump takes the form: 

hf (x) =   1    xf∈Cf
n 

−1   xf∈Cf
i 

where xf is the attribute value of x on the feature f.The subsets 

Cf
i and Cf

n are determined using the training samples: for an 

attribute value z on a feature f, all the training samples whose 
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attribute values on f are equal to z are found; if the number of 

attack samples in these samples is more than the number of 

normal samples, then z is assigned to Cf
i, otherwise, z is 

assigned to Cf
n. In this way, the false alarm rate for the 

training samples is minimized. For a continuous feature f, the 

range of attribute values is split by a threshold v, and the 

decision stump takes the form: 

hf (x) =  1    xf>v 

     −1   xf≤v   

The threshold v is determined by minimizing the false alarm 

rate for the training samples. The above design of weak 

classifiers for intrusion detection has the following 

advantages: 

1) The decision stumps operate on individual feature 

components. This first deals with combination of information 

from categorical and continuous attributes, and the second 

deals with the large variations in value ranges for the different 

feature components. 

2) There is only one comparison operation in a decision 

stump. The computation complexity for constructing the 

decision stumps is very low, and online updating of decision 

stumps can be easily implemented when new training samples 

are obtained. The limitation of the above design of weak 

classifiers is that the decision stumps do not take into account 

the different types of attacks. This may influence the 

performance of the Adaboost method. 

2)Online GMM: For the samples of each attack type or the 

normal samples, we use a GMM to model the data on each 

feature component. 

B. Online Adaboost Learning: 

To adapt to online training, in which each training sample is 

used only once for learning the strong classifier, online 

Adaboost makes the following changes to the offline 

Adaboost: 

 1) All the weak classifiers are initialized. 

2) Once a sample is taken as input, a number of weak 

classifiers are updated using this sample, and the weight of 

this sample is changed according to certain criteria such as the 

weighted false classification rate of the weak classifiers. 

C. Adaptable Initial Sample Weights: 

We use the detection rate and the false alarm rate to 

evaluate the performance of the algorithm for detecting 

network intrusions. For Adaboost-based learning algorithms, 

the detection rate and the false alarm rate depend on the initial 

weights of the training samples. Thus we adjust the initial 

sample weights in order to balance the detection rate and the 

false alarm rate. We introduce a parameter r∈ (0, 1) for setting 

the initial weight λ of each training sample  

𝜆 =  {

𝑁𝑛𝑜𝑟𝑚𝑎𝑙 + 𝑁𝑖𝑛𝑡𝑟𝑢𝑠𝑖𝑜𝑛

𝑁𝑛𝑜𝑟𝑚𝑎𝑙
. 𝑟  𝑓𝑜𝑟 𝑛𝑜𝑟𝑚𝑎𝑙 𝑐𝑜𝑛𝑛𝑒𝑐𝑡𝑖𝑜𝑛𝑠

𝑁𝑛𝑜𝑟𝑚𝑎𝑙 + 𝑁𝑖𝑛𝑡𝑟𝑢𝑠𝑖𝑜𝑛

𝑁𝑖𝑛𝑡𝑟𝑢𝑠𝑖𝑜𝑛
. (1 − 𝑟) 𝑓𝑜𝑟 𝑛𝑒𝑡𝑤𝑜𝑟𝑘 𝑖𝑛𝑡𝑟𝑢𝑠𝑖𝑜𝑛𝑠

 

whereNnormal and Nintrusion are approximated using the 

numbers of normal samples and attack samples that have been 

input online to train the classifier. The sums of the weights for 

the normal samples and the attack samples are (Nnormal + 

Nintrusion) · r and (Nnormal + Nintrusion).(1 − r), respectively. 

Through adjusting the value of the parameter r, we change the 

importance of normal samples or attack samples in the training 

process, and then make a tradeoff between the detection rate 

and the false alarm rate of the final detector. The selection of r 

depends on the proportion of the normal samples in the 

training data, and the requirements for the detection rate and 

the false alarm rate in specific applications.   

 

D. Local Parameterized Models 

 

Subsequent to the construction of the weak classifiers and 

the online Adaboost learning, a local parameterized detection 

model ϕ is formed in each node. The local model consists of 

the parameters ϕw of the weak classifiers and the parameters ϕd 

for constructing the Adaboost strong classifier: ϕ = {ϕw,ϕd}. 

The parameters for each decision stump-based weak classifier 

include the subsets Cf
i and Cf

n for each categorical feature and 

the thresholds v for each continuous feature. The parameters 

for each GMM-based weak classifier include a set of GMM 

parameters φw = {θc
j|j =1 ,2,...,D; c =1 ,−1,−2,...}. The 

parameters of the strong classifier for the online Adaboost 

algorithm include a set of ensemble weights φd = {αt|t = 

1,2,...,D} for the weak classifiers. 

The parameters in the decision stump-based weak classifiers 

depend on the differences between normal behaviors and 

attacks in each component of the feature vectors. The 

parameters in the GMM-based weak classifiers depend on the 

distributions of the different types of attacks and normal 

behaviors in each component of the feature vectors. The 

parameters in the strong classifier depend on the significances 

of individual feature components for intrusion detection. The 

local detection models capture the distribution characteristics 

of observed mixed attribute data in each node. They can be 

exchanged between the different nodes. The parametric 

models are not only concise to be suitable for information 

sharing, but also very useful to generate global intrusion 

detection models. 

VI. GLOBAL DETECTION MODELS 

The local parametric detection models are mutual among all 

the nodes and combined in each node to produce a global 

intrusion detector using a modest number of samples left in 

the node (most samples in the node are removed, in order to 

accommodate to changing network environments). This global 

intrusion detector is more accurate than the local detectors that 

could be faironly for specific attack types, due to the limited 

training data available at each node[28]. We fuse 

multiclassifiers by combining the output results of all the 

classifiers into a vector, and then using a classifier SVM to 

classify the vectors. The combination of the local intrusion 

detection models has two problems. Firstly, there could be 

huge performance gaps between the local detection models for 

different types of attacks, especially for new attack types that 

have only recently appeared. So, the sum rule may not be the 

best choice for combining the local detectors. Secondly, some 

of the local models might be similar for a test sample. If the 

outcomes of the local models for the test sample are joined 
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into a vector, the dimension of the vector has to be decreased 

to choose the best combination of the results from local 

models. To solve the above mentioned two problems, we 

combine the PSO and SVM algorithms, in each node, to 

construct the global detection model. The PSO is a population-

search algorithm that simulates the social behavior of birds’ 

flocking. The SVM is a learning algorithm based on the 

structural risk minimization principle from statistical learning 

theory. It has good performance even if the set of the training 

samples is small. The PSO is used to search for the optimal 

local models and the SVM is trained using the samples left in 

a node. Then, the trained SVM is used as the global model in 

the node. By combining the searching ability of the PSO and 

the learning ability of the SVM for small sample sets, a global 

detection model can be constructed effectively in each node. 

VII. ALGORITHMS 

1. Online GMM: 

 

For the samples of each attack type or normal samples, 

we use a GMM to model the data on each feature 

component.  Let c ∈ {+1,−1,−2, . . . ,−M} be a sample 

label, where +1 represents the normal samples and 

―−1,−2,. . .−M‖ represents different types of attacks 

where M is the number of attack types. The GMM model 

θc
j on the jth feature component for the samples with label 

c is represented as, 

θc
j = {ωc

j(i),μc
j(i),σc

j(i)}K
i=1 

where K is the number of GMM components indexed by 

i, and ω, μ, and σ represent the weight, mean, and 

standard deviation for the corresponding component. 

Then, the weak classifier on the jth feature is constructed 

as,   

hj(x)=  1    if p(x|θ+1
j ) >

1

𝑀
p(x|θc

j) 

 for c =−1,−2,...,−M 

 

  −1    otherwise 

where “
1

𝑀
” is used to weight the probabilities for attack 

types in order to balance the importance of the attack 

samples and the normal samples. In this way the sum of 

the weights for all the types of attack samples is equal to 

the weight of normal samples, and the false alarm rate is 

reduced for the final ensemble classifier. 

 
 

2. PSO Algorithm: 

PSO optimizes a problem by having a population of 

candidate solutions, here dubbed particles, and 

moving these particles around in the search-

space according to simple mathematical 

formulae over the particle's position and velocity. 

Each particle's movement is influenced by its local 

best known position but, is also guided toward the 

best known positions in the search-space, which are 

updated as better positions are found by other 

particles. This is expected to move the swarm toward 

the best solutions.Let S be the number of particles in 

the swarm, each having a position xi∈ℝn in the 

search-space and a velocity vi∈ℝn. Let pi be the best 

known position of particle i and let g be the best 

known position of the entire swarm. A basic PSO 

algorithm is then: 

For each particle i = 1, ..., S do: 

Initialize the particle's position with a uniformly 

distributed random vector: xi ~ U(blo, bup), where blo 

and bup are the lower and upper boundaries of the 

search-space. 

Initialize the particle's best known position to its 

initial position: pi ← xi 

If (f(pi) < f(g)) update the swarm's best known 

position: g ← pi 

Initialize the particle's velocity: vi ~ U(-|bup-blo|, |bup-

blo|) 

Until a termination criterion is met (e.g. number of 

iterations performed, or a solution with adequate 

objective function value is found), repeat: 

For each particle i = 1, ..., S do: 

For each dimension d = 1, ..., n do: 

Pick random numbers: rp, rg ~ U(0,1) 

Update the particle's velocity: vi,d ← ω vi,d + φprp 

(pi,d-xi,d) + φgrg (gd-xi,d) 

Update the particle's position: xi ← xi + vi 

If (f(xi) < f(pi)) do: 

Update the particle's best known position: pi ← xi 

If (f(pi) < f(g)) update the swarm's best known 

position: g ← pi 

Now g holds the best found solution. 

The parameters ω, φp, and φg are selected by the 

practitioner and control the behaviour and efficacy of 

the PSO method. 
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3. SVM Algorithm: 

Support Vector Machines are based on the concept of 

decision planes that definedecision boundaries. 

SVM is a discriminative classifier 

formally defined by a separating hyper-plane. In 

other words, given labeled training data (supervised 

learning), the algorithm outputs an optimal hyper-

plane which categorizes new examples. 

Step 1:  

Initialization: The particles Xi,0Q i=1 are randomly 

chosen in the particle space, where Q is the number 

of particles. Sl
i = Xi,0. A SVM classifier is 

constructed for each particle, and the detection rate 

γ(Xi,0) of the SVM classifier is calculated. The fitness 

value f(Xi,0) is calculated. The global best state Sg is 

estimated. n = 0.  

Step 2: 

The velocitiesVi,n+1Q i=1 are updated. 

 

Step 3: 

The particles’ states Xi,n+1Q i=1 are evolved. 

Step 4: 

The SVM classifier is constructed for each particle, 

and the detection rate γ(Xi,n+1) is calculated. The 

fitness values f(Xi,n+1) are calculated. The individual 

best statesSl i i=1 are updated. The global best sate 

Sg is updated. 

Step 5: 

n ← n + 1. Iff(Sg) >maxfitness or the predefined 

number of iterations is achieved, then the particle 

evolution process terminates and the SVM classifier 

corresponding to Sg is chosen as the final classifier—

the global model in the node; otherwise go to Step 2 

for another loop of evolution. 

 

VIII.  EXPERIMENTS AND RESULTS 

The knowledge discovery and data mining (KDD) CUP 1999 

dataset is used to test our algorithms. This dataset is still the 

most trustworthy public benchmark dataset for evaluating 

network intrusion detection algorithms. In the dataset, 41 

features including nine categorical features and 32 continuous 

features are extractedfor each network connection. Attacks in 

the dataset fall into the following four main categories. 

 1) DOS: denial-of-service. 

 2) R2L: Remote to Local; unauthorized access from a remote 

machine, e.g., guessing password. 

 3) U2R: User to Root; unauthorized access to local super-user 

(root) privileges. 

 4) Probe: surveillance and other probing, e.g., port scanning. 

Each of the four categories contains some low-grade attack 

types.  

The test dataset includes some attack types that are absent in 

the training dataset[29]. The numbers of normal connections 

and each category of attacks in the training and test datasets 

are listed in Table I. In the following, we first introduce the 

performances of our online learning-based intrusion detection 

algorithms: one with decision stumps and the traditional 

online Adaboost process, and the other with online GMMs and 

our proposed online Adaboost process. Then, the performance 

of our PSO and SVM-based distributed intrusion detection 

algorithm is evaluated[33-36]. 

 

TABLE I: The KDD CUP 1999 Dataset 

 

 

 

 

A. Experimental Setup 

 

 All our experiments are performed on following hardware and 

software. 

Hardware: 

Pentium, 1.1 GHz processor with 1 GB RAM and 20GB 

hard Disk and Network Interface 

Software: 

 Windows 7 64 bit, Java and J2EE (J2SDK 1.5), 

NetBeans IDE 8.0.1 

 

B. Analysis 

 

 

 

 

 

 

 

 

 

 

 

C. Number of Samples of Various Types In The  

Training Set 

 

 

 

 

 

 

D. Number of Samples of Various Types In The  
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Test Set 

 

 

 

 

 

 

IX. CONCLUSION 

In this paper, online Adaboost-based intrusion detection 

algorithms is used, in which decision stumps and online 

GMMs were used as weak classifiers for the traditional online 

Adaboost and our proposed online Adaboost, respectively. 

Theoutcomes of the method using decision-stumps and the 

traditional online Adaboost were compared with the results of 

the algorithm using online GMMs and our online 

Adaboost[30-32]. We further suggested a distributed intrusion 

detection framework, in which the parameters in the online 

Adaboost algorithm formed the local detection model for each 

node, and local models were united into a global detection 

model in each node using a PSO and SVM-based algorithm. 

The advantages of our work are as follows: 

 1) Adaboost-based algorithms successfully overcame the 

difficulties in handling the mixed-attributes of network 

connection data; 

 2) The online mode the adaptability of algorithms to the 

changing environments; the information in new samples was 

incorporated online into the classifier, while maintaining high 

detection accuracy; 

3) The local parameterized detection models were apt for 

information sharing: only a very small number of data were 

shared among nodes; 

4) Each global detection model improved considerably on 

the intrusion detection accuracy for each node. 

REFERENCES 

1. Hameed Hussain J., Anbazhgan G., Improve of the 

cop of vapour compression refrigeration system by 

using thermoelectric cooler, International Journal of 

Pure and Applied Mathematics, V-116, I-14 Special 

Issue, PP-585-589, 2017 

2. Nakkeeran S., Hussain J.H., Innovative technique for 

running a petrol engine with diesel as a fuel, 

International Journal of Pure and Applied 

Mathematics, V-116, I-18 Special Issue, PP-41-44, 

2017 

3. Naveenchandran P., Vijayaragavan S.P., A sensor 

less control of SPM using fuzzy and ANFIS 

technique, International Journal of Pure and Applied 

Mathematics, V-116, I-13 Special Issue, PP-43-50, 

2017 

4. Hameed Hussain J., Nakkeeran S., Design and 

development of pepper plucking equipment, 

International Journal of Pure and Applied 

Mathematics, V-116, I-14 Special Issue, PP-573-576, 

2017 

5. Naveenchandran P., Vijayaragavan S.P., A high 

performance inverter fed energy efficient cum 

compact microcontroller based power conditioned 

distributed photo voltaic system, International 

Journal of Pure and Applied Mathematics, V-116, I-

13 Special Issue, PP-165-169, 2017 

6. Golden RenjithNimal R.J., Hussain J.H., Stress 

analysis of gear tooth using metal, International 

Journal of Pure and Applied Mathematics, V-116, I-

17 Special Issue, PP-317-322, 2017 

7. Hameed Hussain J., Hariharan R., Development of 

temperature-time and pressure-time diagrams for 

diffusion bonding ti-aa7075 dissimilar materials, 

International Journal of Pure and Applied 

Mathematics, V-116, I-14 Special Issue, PP-493-499, 

2017 

8. Udayakumar R., Khanaa V., Saravanan T., Saritha 

G., Cross layer optimization for wireless network 

(WIMAX), Middle - East Journal of Scientific 

Research, V-16, I-12, PP-1786-1789, 2013 

9. Khanaa V., Thooyamani K.P., Udayakumar R., 

Cognitive radio based network for ISM band real 

time embedded system, Middle - East Journal of 

Scientific Research, V-16, I-12, PP-1798-1800, 2013 

10. Khanaa V., Mohanta K., Saravanan T., Comparative 

study of uwb communications over fiber using direct 

and external modulations, Indian Journal of Science 

and Technology, V-6, I-SUPPL.6, PP-4845-4847, 

2013 

11. Kumarave A., Udayakumar R., Web portal visits 

patterns predicted by intuitionistic fuzzy approach, 

Indian Journal of Science and Technology, V-6, I-

SUPPL5, PP-4549-4553, 2013 

12. Thooyamani K.P., Khanaa V., Udayakumar R., An 

integrated agent system for e-mail coordination using 

jade, Indian Journal of Science and Technology, V-6, 

I-SUPPL.6, PP-4758-4761, 2013 

13. Sengottuvel P., Satishkumar S., Dinakaran D., 

Optimization of multiple characteristics of EDM 

parameters based on desirability approach and fuzzy 

modeling, Procedia Engineering, V-64,  PP-1069-

1078, 2013 

14. Udayakumar R., Khanaa V., Saravanan T., Synthesis 

and structural characterization of thin films of sno2 

prepared by spray pyrolysis technique, Indian Journal 

of Science and Technology, V-6, I-SUPPL.6, PP-

4754-4757, 2013 

15. Udayakumar R., Kumarave A., Rangarajan K., 

Introducing an efficient programming paradigm for 

object-oriented distributed systems, Indian Journal of 

Science and Technology, V-6, I-SUPPL5, PP-4596-

4603, 2013 

16. KeranaHanirex D., Kaliyamurthie K.P., Multi-

classification approach for detecting thyroid attacks, 

International Journal of Pure and Applied Mathematics Special Issue

189



8 
 

International Journal of Pharma and Bio Sciences, V-

4, I-3, PP-B1246-B1251, 2013 

17. Udayakumar R., Khanaa V., Kaliyamurthie K.P., 

Performance analysis of resilient ftth architecture 

with protection mechanism, Indian Journal of Science 

and Technology, V-6, I-SUPPL.6, PP-4737-4741, 

2013 

18. Udayakumar R., Khanaa V., Kaliyamurthie K.P., 

Optical ring architecture performance evaluation 

using ordinary receiver, Indian Journal of Science 

and Technology, V-6, I-SUPPL.6, PP-4742-4747, 

2013 

19. Udayakumar R., Khanaa V., Saravanan T., 

Chromatic dispersion compensation in optical fiber 

communication system and its simulation, Indian 

Journal of Science and Technology, V-6, I-SUPPL.6, 

PP-4762-4766, 2013 

20. Sundarraj M., Study of compact ventilator, Middle - 

East Journal of Scientific Research, V-16, I-12, PP-

1741-1743, 2013 

21. Udayakumar R., Khanaa V., Saravanan T., Analysis 

of polarization mode dispersion in fibers and its 

mitigation using an optical compensation technique, 

Indian Journal of Science and Technology, V-6, I-

SUPPL.6, PP-4767-4771, 2013 

22. Gopalakrishnan K., PremJeya Kumar M., 

SundeepAanand J., Udayakumar R., Thermal 

properties of doped azopolyester and its application, 

Indian Journal of Science and Technology, V-6, I-

SUPPL.6, PP-4722-4725, 2013 

23. Udayakumar R., Khanaa V., Kaliyamurthie K.P., 

High data rate for coherent optical wired 

communication using DSP, Indian Journal of Science 

and Technology, V-6, I-SUPPL.6, PP-4772-4776, 

2013 

24. KeranaHanirex D., Kaliyamurthie K.P., Kumaravel 

A., Analysis of improved tdtr algorithm for mining 

frequent itemsets using dengue virus type 1 dataset: 

A combined approach, International Journal of 

Pharma and Bio Sciences, V-6, I-2, PP-B288-B295, 

2015 

25. Thooyamani K.P., Khanaa V., Udayakumar R., Using 

integrated circuits with low power multi bit flip-flops 

in different approch, Middle - East Journal of 

Scientific Research, V-20, I-12, PP-2586-2593, 2014 

26. Gopalakrishnan K., SundeepAanand J., Udayakumar 

R., Electrical properties of doped azopolyester, 

Middle - East Journal of Scientific Research, V-20, I-

11, PP-1402-1412, 2014 

27. Thooyamani K.P., Khanaa V., Udayakumar R., 

Partial encryption and partial inference control based 

disclosure in effective cost cloud, Middle - East 

Journal of Scientific Research, V-20, I-12, PP-2456-

2459, 2014 

28. Sundar Raj M., Saravanan T., Srinivasan V., Design 

of silicon-carbide based cascaded multilevel inverter, 

Middle - East Journal of Scientific Research, V-20, I-

12, PP-1785-1791, 2014 

29. Thooyamani K.P., Khanaa V., Udayakumar R., Wide 

area wireless networks-IETF, Middle - East Journal 

of Scientific Research, V-20, I-12, PP-2042-2046, 

2014 

30. Kanniga E., Srikanth S.M.K., Sundhararajan M., 

Optimization solution of equal dimension boxes in 

container loading problem using a permutation block 

algorithm, Indian Journal of Science and Technology, 

V-7,  PP-22-26, 2014 

31. Arulselvi S., Sundararajan M., Smart control system 

in traffic analysis using RTK-GPS standards, 

International Journal of Pure and Applied 

Mathematics, V-116, I-15 Special Issue, PP-349-352, 

2017 

32. Arulselvi S., Karthik B., Sundararajan M., A frame 

work for road network extraction from remotely 

sensed high resolution images, International Journal 

of Pure and Applied Mathematics, V-116, I-15 

Special Issue, PP-355-360, 2017 

33. Arulselvi S., Karthik B., Sundararajan M., Super 

resolution method for Thumbnail Web image, 

International Journal of Pure and Applied 

Mathematics, V-116, I-15 Special Issue, PP-369-373, 

2017 

34. Arulselvi S., Karthik B., Sundararajan M., Linear 

framework free rewriting systems, International 

Journal of Pure and Applied Mathematics, V-116, I-

15 Special Issue, PP-363-367, 2017 

35. Kanniga E., Selvaramarathnam K., Sundararajan M., 

Kandigital bike operating system, Middle - East 

Journal of Scientific Research, V-20, I-6, PP-685-

688, 2014 

36. Lakshmi C., Ponnavaikko M., Sundararajan M., 

Improved kernel common vector method for face 

recognition varying in background conditions, 

Lecture Notes in Computer Science (including 

subseries Lecture Notes in Artificial Intelligence and 

Lecture Notes in Bioinformatics), V-6026 LNCS,  

PP-175-186, 2010 

37. M. Rajesh, K.Sathesh Kumar, K.Shankar, M. 

Ilayaraja., SENSITIVE DATA SECURITY IN 

CLOUD COMPUTING AID OF DIFFERENT 

ENCRYPTION TECHNIQUES, Journal of 

Advanced Research in Dynamical and Control 

Systems, Volume 18,  PP-2888-2899, 2017 

38. M. Rajesh, A signature based information security 

system for vitality proficient information 

accumulation in wireless sensor systems, 

International Journal of Pure and Applied 

Mathematics, Volume 118, Issue 9, Pages 367-387 

International Journal of Pure and Applied Mathematics Special Issue

190



9 
 

39. M. Rajesh, A Review on Excellence Analysis of 

Relationship Spur Advance in Wireless Ad Hoc 

Networks, International Journal of Pure and Applied 

Mathematics, Volume 118, Issue 9, Pages 407-412 

40. Rajesh, M., and J. M. Gnanasekar. "Path Observation 

Based Physical Routing Protocol for Wireless Ad 

Hoc Networks." Wireless Personal Communications 

97.1 (2017): 1267-1289. 

41. Rajesh, M., and J. M. Gnanasekar. "Congestion 

Control Scheme for Heterogeneous Wireless Ad Hoc 

Networks Using Self-Adjust Hybrid Model." 

International Journal of Pure and Applied 

Mathematics 116 (2017): 537-547. 

42. Rajesh, M., and J. M. Gnanasekar. "Get-Up-And-Go 

Efficientmemetic Algorithm Based Amalgam 

Routing Protocol." International Journal of Pure and 

Applied Mathematics 116 (2017): 537-547. 

 

International Journal of Pure and Applied Mathematics Special Issue

191



192


