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ABSTRACT: Electricity is one of the major need for 
our daily lives. This project proposes to find an 
electricity consumption behavior pattern of customers 
using possibilistic c-means algorithm (PCM) which has 
been widely used in knowledge discovery. Initially 
PCM does not produce good results for clustering, 
especially for heterogeneous datasets, because it 
initially works with smaller datasets. To overcome this 
drawback a Higher order possibilistic c-means 
clustering based on map reduce algorithm is proposed 
in this project. This proposed method works with large 
amount of heterogeneous data sets and protect the 
private data without any special encryption schemes. 
By clustering the electrical consumption behavior will 
give out the overall electricity consumption for a year 
in different places and the predict the amount of electric 
power need for the future is also calculated. . 
Experimental results indicate that proposed method can 
effectively cluster a large number of heterogeneous data 
using map reduce. 
 
INTRODUCTION 
 
Data mining techniques are used to analyze a power 
consumption model in a city 's regional level and to 
capture knowledge about the use of electricity in 
relation to the weather temperature .Its geographical 
geographical features include river, agriculture, land 
and road. Based on the power consumption K-means 
clustering algorithm is used to create different groups of 
temperature and consumers. Association governance 
analysis creates associations rules regarding power 
consumption to describe the effect of physical 
geographical objects and physical distance in different 
areas. To analyze fuel consumption, the best analytical 
process is data mining, which is exploration analysis 
and preprocessing, often sample mining and data 
mining, such as associations, clustering and outlining 
deduction. 
 
Electricity is a special object. Production and 
consumption should be equal each time. Availability of 

power consumption and quantity of production charts is 
essential. Electricity Consumption is based on Forecast 
Time Series analysis method. There is a definite future 
for different programs such as capital budgeting, sales 
forecasting, market research, financial planning, and 
inventory planning and control. Time series analysis 
techniques are useful for classification and assessment 
of time-based processes. 
 
Larger data sets have a variety of objects, texts, images 
and audio, resulting in structured data and structured 
data forming high diversity. However, various objects 
have different information, but they are associated with 
each other. For example, a portion of the Sport video 
with Meta-Information uses a large number of further 
images to display a workout and uses some meta-
communications, such as annotation and surrounding 
lessons to show additional information. 
 
Power consumption depends on some trends such as 
temperature trends, dependence on daylight. Different 
types of data are collected from many users and they 
cluster separately as a group. The higher order 
clustering algorithm for large data is by using a tensor 
vector space to model correlations in various ways. 
Cluster big data efficiently, especially different data is 
harder. The problematic C-means algorithm is an 
important part of blur clustering. This reflects the 
distinction of each object to different clusters and can 
prevent corruption of the noise in the clustering 
process. 
 
1. LITERATURE SURVEY 

Load profiling, which refers consumers' power 
consumption behaviors to a particular period of time, 
eg, helps LSE understand how to use power for 
different users and how to use customer loading profiles 
or load samples. [4], nodal or customer scale load 
assessment, [5], the goal of demand response and fuel 
efficiency [6] and non-technical loss (NTL) 7 in tariff 
design of load profiling (to) Load profiling can be 
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classified into two groups: direct clustering and indirect 
clustering [8]. Direct clustering means that clustering 
methods are directly applicable for loading data. There 
are a number of clustering methods that are widely 
studied, including K-means [9], mess k-means [10], 
sequential clustering [11], self-management maps 
(SOM) [12], support vector, clustering [13], sub-
clustering [14], ant colony clustering [15] and so on. 
Each clustering technique uses different criteria by 
assessing and computing the performance, Clustering 
Output Index (CDI), Scatter Index (SI), Davis-Boldin 
Index (DBI) and Average Index Integrity (MIA). [16]. 
Impacts of power consumption with a wider and high-
frequency collection of electric current introduces great 
challenges for data storage, communication and 
analysis. In this case, the reduction methods are used 
effectively to reduce pre-load data before closing, 
defined as indirect clustering. Such clustering can be 
classified into two sub-categories, feature extraction-
based clustering and time series based clustering. The 
feature extraction [17] is often used to reduce the level 
of input data to convert data into a low-volume space in 
high-volume space. Main component analysis (PCA) 
[18] [19] is a frequently used linear reduction method. 
It tries to keep most of the covariance of data attributes 
with the lowest artificial variables. Some vague size 
reduction techniques, such as Sammone maps, 
correlulator spatial analysis (CCA) [20] and deep 
practice [21], also apply to power consumption data. 
Moreover, power consumption data is particularly time 
series. Discrete Fourier transform (DFT) [22] [23], 
discrete wavelet transformations (DWT) [24], symbolic 
aggregate approximation (SAX) [25] and hidden 
markov model (HMM) 26] are discussed in the 
literature. 
 
In addition to the Markov model, this work attempts to 
address the "data deluge" issue in three other ways. 
First, SAX is used to convert loading curves into a 
formal string, reduce storage space, and simplify 
communication traffic in smart meters and 
communications centers. Secondly, the recently 
reported effective clustering technique reported by Fast 
Search and Density Peaks (CFSFDP) uses the power 
consumption behaviors as a profile, which has less 
time-intensive complexity and weakness for sound 
points [28]. As measured by Kulbak-Leibler (K-L) 
distance [29], the differences between the two 
approaches are described in the dynamics of power 
consumption. Thirdly, to overcome the challenges of 
large and scattered data, CFSFDP technology is 
connected to a partitioning and concealing mechanism 

to further enhance the efficiency of data processing, 
where custom K is applicable for obtaining 
representative customers on local sites and the CFSFDP 
method performed on global sites. This technique can 
be further applied to larger data applications. 
 
Machine Learning (ML) came with new data emerging 
as the Big Data emerged as a way to find value from 
data. ML platforms for Big Data began with disk-based 
systems such as disco-mute [7], which contained disk 
orientation from the underlying Hadoop architecture. 
As disk access is slow, new memory-based processes 
have been developed. Examples of Apache Spark and 
Oxdata H2O memory-driven platforms, and the 
Meehout Machine learning algorithms have been 
transformed into these platforms. Zhang et al. [15] 
Interviewed Big Data Management and Processing. 
They identified two types of in-memory systems: batch-
based systems like spark and H2O, real time or drain 
processing systems such as storm. Systems of Energy 
Conservation Assessment are mainly of the Batch 
category. 
 
Al-jarra et al. [6] Reviewed energy-efficient machine 
learning practices and new approaches with improved 
memory requirements. They saw local training as one 
of the key mechanisms of learning machine with Big 
Data because of the ability to reduce computational 
cost. As a promise to provide representative learning to 
complex problems, they considered a significant 
technology as a deep practice. 
 
2. CLUSTERING OF ELECTRICITY 

CONSUMPTION BEHAVIOR 

2.1 Fuzzy c-means algorithm 

The algorithm works by allocating each data point to 
each cluster center based on distance between the 
cluster center and the data point. The algorithm 
provides the best result for the overlapping data set and 
by then the k-is the algorithm better. The data point is 
the result of each cluster center. The FCM program 
applies to various types of geostatistics data analysis 
problems. The program produces shading partitions and 
patterns for any data set. Fuzzy clustering is referred to 
as soft clustering. 
 
Steps 
 
The Fuzzy c-means algorithm is explained by the 
following steps, 
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a. Choose a number of clusters. 
b. Assign coefficients randomly to each data point for 

being in the clusters. 
 
2.2 Implementation 

 
Stage 1 

A user/application can submit a job to the Hadoop for 
required process by specifying the following items: 
1. The location of the input and output files in the 
distributed file system. 
2. The java classes in the form of jar file 
containing the implementation of map and reduce 
functions. 
3. The job configuration by setting different 
parameters specific to the job. 
 
Stage 2 

The Hadoop Job Client then provides Job Tracker job 
(jar / executable etc) and formatting slaves, scheduling 
tasks and monitoring information, providing job-
customer status and diagnostic information. 
 
Stage 3 

The Task Trackers on different nodes execute the task 
as per Map Reduce implementation and output of the 
reduce function is stored into the output files on the file 
system. 
 
2.3 Higher order C-means clustering: 

The most important steps of higher order C-means 
clustering is to calculate the membership matrix and the 
clustering centers. Therefore, we use the Map function 
to calculate the membership matrix and use the Reduce 
function to calculate the clustering centers. For 
updating the membership matrix, only the object xi and 
clustering centers V = {v1; v2; : : : ; vc} are required 
for calculating the membership values of the object xi 
towards each clustering center. Therefore, to reduce the 
storage of each computing node and the 
communication, we partition the membership matrix 
into p sub-matrices U = {U1;U2; : : : ; Up} by columns. 
The dataset X is also partitioned into p subsets X = 
{X1;X2; : : : ;Xp} accordingly. In the Map phrase, we 
dispatch each sub-matrix, the corresponding subset and 
all the clustering centers to one computing node for 
updating the membership matrix. 
 
 
 

3. SYSTEM ARCHITECTURE 

In this section, architecture of proposed system is 
explained. Fig.1 demonstrates the working of proposed 
system. To reduce the scale of large electricity 
consumption dataset using Symbolic Aggregate 
Approximation method. Clustering the electricity 
consumption behavior using k-means clustering. To 
obtain the typical dynamics of consumption behavior, 
with the difference between any two consumption 
patterns 
 

 
 
Fig.1: Proposed System Architecture 
 
Step 1: The data’s are collected for individual 
customers are handled separately. Divide the big data 
set into k parts, each marked as Li. Note that the data 
on one distributed site can be further partitioned to 
make the size of the data sets on each site more even. 

Step 2: An adaptive k-means method is performed for 
each individual part to obtain a certain number of 
cluster centers. Each cluster center can represent all the 
objects belonging to this cluster with a small error. All 
these cluster centers of Li are selected as the 
representative objects Mi, which are defined as a local 
model. 

Step 3: A modified Energy Consumption method is 
applied to all the representative objects (local models) 
that are centralized and gathered to classify them into 
several groups R, which are defined as a global model. 
Then, according to the final clustering result, the cluster 
label of each local site would be updated. 

 

4. PERFOMANCE EVALUATION 

Performance measurement can be used for all types of 
learning. This determines the type of task that it 
automatically learns and calculates the most common 
criteria for that type. For better performance 
calculation, use the above operators. Use performance 
(user-based) operator to allow performance actions if 
none of them are needed are. 
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a. Accuracy 
b. Precision 
c. Recall 
 
4.1 Results 

The Electricity Consumption analysis is carried out 
through Hadoop frame work and clustering of similar 
customers is carried out through the r- programming for 
visualization of similar customers. 
 

 
 
The above values indicate the electricity consumption 
behavior pattern identified for every year by taking 
account with different customers. 
 

 
 
Fig 2.a Electricity Consumption Values 
 

 
 
Fig 2.b Clustering of consumption values 
 
In the Figure 2.a, the Graph plotted by the x-axis as 
Year, Y-axis as Consumption, the consumption values 
are imported over the year 1990-2005 and processed by 
k-means clustering method. In the Figure 2.b ,the figure 
represents the Overall Consumption value of 8000 
Watts which is used in the regions of Southern 
California and San Diego are been shown in the graph. 
From the above presented graph it’s evident that 
southern California and Bear Valley electric customers 
are consuming more than 80000 watts per year. 
 
5. CONCLUSION 

In this work, a novel approach has been proposed for 
dynamics clustering in the use of electrical power 
towards large data sets. A mess-c-clustering technique 
is performed to detect distinct dynamics in different 
groups of power consumption and segment consumer. 
Finally, each individual is a result of dynamic 
clustering to determine the potential for each user's 
consumer response to the consumer per year and the 
total energy consumption. The impact of external 
factors such as temperature, day type and economy in 
electricity consumption is limited by data sets and is not 
considered deep in the work. Future works focus on 
feature extraction and data mining techniques, 
combining power consumption with external factors. 
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