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Abstract: In the data analysis process, concept drifts are the main scenario prevails in the 

process mining systems. In order to make operational processes competitive, organizations 

continuously improve their processes. The starting point of process improvement is to 

understand processes to be improved. One of the techniques that can be used to understand 

business processes is process mining. Process mining aims at extracting useful information 

about business processes by analyzing event logs that contains process execution results. In 

this paper, we propose an enhanced attributes sets and its methods to detect the changes 

monitored in the events.  And also, the triggered region of the process is estimated. The 

heterogeneity of the region is studied and the changes are detected. The triggered regions 

are identified; the events are categorized and examined. Experimental design proves the 

effectiveness of the systems, by using KDD cup dataset.  

Keywords: Process mining, Operational process, Event logs, Attributes sets, triggered region 

and heterogeneity.  

I.INTRODUCTION 

Business processes are nothing more than 

logically related tasks that use the 

resources of an organization to achieve a 

defined business outcome. Business 

processes can be analysed from a number 

of perspectives, like control flow, data, and 

the resource perspectives. In today’s 

market scenario, it is necessary for 

enterprises to streamline their processes so 

as to reduce cost and to improve 

performance. Also nowadays customers 

expect organizations to be flexible and 

adapt the changes. Extreme variations in 

supply and demand, natural calamities, 

seasonal effects, disasters and so on, are 

also forcing organizations to change their 

processes.  

For example, governmental and insurance 

organizations reduce the fraction of cases 

being checked when there is too much of 

work in the pipeline. As another example, 

in a disaster, hospitals, and banks change 

their operating procedures. It is evident 

that the economic success of an 

organization is more and more dependent 

on its ability to react and adapt to changes 

in its operating environment. Therefore, 

flexibility and change have been studied in 

depth in the context of business process 

management (BPM). Business Process 

Management (BPM) plays a major role in 

the business environment. The term 

business process management and the 

business operational resources are covers 

how we identify, study, monitor and 

change, business processes to ensure the 

process of the event logs and classifies the 

structure improved over time [8].  

Concept Drifts refers to situation when the 

relationship between the input data and the 

target variable, which the model is trying 

to changes overtime. Drifts are classified 

changes into both momentary and 

permanent. Momentary drifts are nothing 

but the change will be appearing at 

maximum time and after that it resolves 

the process whereas Permanent Drifts are 

it gradually changes the whole process 



SANDHYA RANI G, et al, International Journal of Computers Electrical and 
Advanced Communication Engineering [IJCEACE]TM 
Volume 1, Issue 10, PP: 01 - 05, AUG - DEC’ 2016. 
 

 

 

International Journal of Computers Electrical and Advanced Communications Engineering 

                                               Vol.1 (10), ISSN: 2250-3129, AUG - DEC’ 2016                                  PP: 01 - 05                                                                                                                                            

    28 

which disturbs the event logs while running 

the features [5].  

The rest of the paper is organized as 

follows: Section II describes about the 

existing techniques studied by other 

researchers; Section III describes about 

the proposed framework; Section IV 

describes about the experimental analysis 

of the proposed frameworks; At last, 

concludes in Section V.  

RELATED WORK 

Over the last two decades many 

researchers have been working on process 

flexibility, e.g., making workflow systems 

adaptive. In [5] and [6] collections of 

typical change patterns are described. In 

[8] and [7,9] extensive taxonomies of the 

various flexibility approaches and 

mechanisms are provided. Ploesser et al. 

[10] have classified business process 

changes into three broad categories: 1) 

sudden; 2) anticipatory; and 3) 

evolutionary. This classification is used in 

this paper, but now in the context of event 

logs. Despite the many publications on 

flexibility, most process mining techniques 

assume a process to be in a steady state. 

A notable exception is the approach in [11]. 

This approach uses process mining to 

provide an aggregated overview of all 

changes that have happened so far. This 

approach, however, assumes that change 

logs are available, i.e., modifications of the 

workflow model are recorded. At this point 

of time, very few information systems 

provide such change logs. Therefore, this 

paper focuses on concept drift in process 

mining assuming only an event log as 

input. Furthermore, the tool support 

provided by the authors has some 

limitations in its applicability.   

The tool does not detect change points and 

does not work on logs with multiple process 

changes, i.e., it does not detect the 

presence/absence of multiple changes and 

does not report when (the trace index) 

process changes have happened. The tool 

just reports that a change exists and 

terminates (if changes exist) and does not 

terminate if no changes exist. In contrast, 

our tool can handle multiple process 

changes and can detect both the presence 

of and the points of change in addition to 

being able to assist in change localization.  

As of late, Carmona and Gavald [12] have 

proposed an online procedure for 

recognizing procedure changes. In the 

event that significant number of tests lies 

outside the polyhedral, a procedure change 

is said to be identified. This work varies 

from our methodology in a few ways: 1) 

this methodology builds a conceptual 

representation of a procedure dissimilar to 

our own where we consider elements 

describing the follows and 2) this system is 

appropriate just for change discovery while 

our structure is relevant for both change 

(point) recognition and change restriction. 

Moreover, the apparatus backing gave by 

the creators has a few restrictions in its 

pertinence. The instrument does not 

recognize change focuses [15] and does 

not take a shot at logs with various 

procedure changes, i.e., it doesn't identify 

the vicinity/nonattendance of different 

changes and does not report when (the 

follow record) procedure changes have 

happened. The device just reports that a 

change exists and ends (if changes exist) 

and does not end if no progressions exist. 

Interestingly, our apparatus can deal with 

numerous procedure changes and can 

recognize both the vicinity of and the 

purposes of progress notwithstanding 

having the capacity to help with change 

limitation.  

PROPOSED FRAMEWORK 

 The proposed framework is 

explained into four modules. They are 

explained as follows:  

i) Data conversion  

 Data conversion is the first step in 

the proposed framework. The KDD cup 99 

dataset is used as the input for the 

proposed work.  Some splitting techniques 
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are involved to preprocess the records. The 

attributes contain info like duration, 

protocol types, service, flag, source and 

destination bytes.  

ii) Protocol view 

 This module ensures the type of 

protocols with the records of KDD cup 99 

dataset.  In our system, there exist three 

sorts of protocols such as, TCP, UDP and 

IMCP.  

iii) Prequential Accuracy 

 The Prequential accuracy consists of 

four processes such as: 

a) Online Bagging – It is an ensemble 

method for improving the 

generalization of the systems.  

b) R2L- It gives an unauthorized 

access to the remote machine.  

c) U2R- It supports an unauthorized 

access to the local machine.  

d) Probe- It describes about the state 

of the network.  

 

iv) DDD description:  

 The DDD mode operates in two 

modes: prior drift detection and after drift 

detection. In this process, the drift 

detection approach is used for detecting 

the any changes occur in the temporal 

process.  So, if the parameters of the drift 

detection method are tuned to detect drifts 

the earliest possible and the approach is 

designed to be robust to false alarms, we 

can obtain fast adaptation to new concepts.  

The proposed architecture is given in Fig.1.  

 

Fig.1. Proposed architecture 

 Event log visualized as a time series 

of traces along with change points. The 

basic premise of change (point) detection 

is that characteristic differences exist in the 

traces before and after the change. of the 

traces after the change point. The problem 

of change point detection is then to identify 

the points in time where the process has 

changed, if any. Change point detection 

involves two primary steps: 1) capturing 

the characteristics of the traces; 2) 

identifying when the characteristics 

change. We refer to the former step as 

feature extraction and the latter step as 

drift detection. The characteristics of the 

traces can either be defined for each trace 

separately or can be done at a sublog level. 

An event log can be split into sublogs of s 

traces (s N is the split size). We can 

consider either overlapping or non-

overlapping sliding windows when creating 

such sublogs. Fig. 4 shows the scenario 

where two subsequent sublogs do not 

overlap. In this case, we have k = _ns _ 

sublogs for an event log of n traces. 

EXPERIMENTAL DESIGNS 

This section explains about the 

experimental designs of the proposed 
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framework. The designs are explained as 

follows:  

 

Fig.2. Working process of the proposed 

works 

 

Fig.3. Uploading the dataset  

 

Fig.4. Viewing the dataset 

 

Fig. 5. Online bagging process –working  

 

Fig.6. Viewing the type of protocols 

 

Fig.7. Detecting the attacks  

CONCLUSION 

In this paper, the concept drift in process 

mining is studied.  The event logs are 
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analyzed, to extract the process for mining 

the relevant objects. We introduce the 

attributes sets and its methods to 

recognize the changes, and also estimate 

the triggered region in the process.  In this, 

heterogeneity cases are used for detecting 

the variety of concept drifts.  The triggered 

regions are identified; the events are 

categorized and examined. This is the first 

step in the direction of dealing with 

changes in any process monitoring and 

analysis efforts. We have considered 

changes only with respect to the control 

flow perspective manifested as sudden and 

gradual drifts. An experimental design 

shows the effectiveness of the proposed 

framework.  
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