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Abstract—Utilization of power distribution networks enables
the measurement of energy consumption of consumers over time.
An advanced meter can measure energy consumption for every
hour of every day to form a time series based load profile. In
existing load demand forecasting techniques, demand is
calculated by considering consumer systemas a general class. By
identifying various classes of consumers, demand forecasting can
be made separately for different consumer classes. This project
proposes a time series based dynamic clustering algorithm for
identifying different classes of consumers using their load profile.
The dynamic clustering algorithm uses the load profile of
consumers to calculate similarities between them for clustering.
Dynamic k-means clustering (DKMC) and Dynamic Fuzzy c-
means (DFCM) clustering algorithms are used for clustering the
load profiles of the different users. To calculate similarities
between load profiles during clustering, Euclidean distance and
correlation analysis are used. Dynamicclustering isimplemented
by considering different factors like seasonal consumption, type
of consumer and area of consumption. Finally after clustering is
executed for each cluster. Results from each cluster are modeled
using DeepBelief Network (DBN) that uses Restricted Boltzmann
Machines (RBMs). Predictions from each cluster are combined
together to obtain final load prediction. The forecast of each
cluster are combined together to obtain final load prediction. The
forecast of each cluster shows the forecast of that particular
factor representing the cluster. Also, electricity consumption for
the next day is forecasted for each consumer within all clusters.
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The forecasting cycle executes continuously using multi-forecast
DBN that makes multiple forecasts to many future days using
previous day forecasted value. To improve the accuracy in long-
term forecasting, the Multi-Forecast DBN uses fine-tuning and
regular pre-training process. The accuracy of the proposed
Multi-Forecast DBN is measured using Root Mean Squared
Error (RMSE), Mean Absolute Error (MAE) and Mean Absolute
Percentage Error (MAPE). The performance evaluation shows
that the proposed multi forecasting model is more efficient
compared to the existing load demand forecasting model.

Keywords—Time series data, Electricity consumption, dynamic
clustering, Load demand forecast, Long-term forecast.

|. INTRODUCT ION

There is an extensive measure of information accessible in
the information industry. The information is of no utilization
until the point when it is changed over into helpful data. It is
important to examine this massive measure of information and
concentrate helpful data from it. The data can be utilized in
numerous applications, for example, Fraud Detection, Market
Analysis, Production Control, Science BExploration and so
forth. Forecasting of electricity load demand and electricity
price has been a research focus since long before. Many
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researches focus on improving the efficiency and performance
of forecasting load demand to suit their applications. One
major concern here is the exponentially increasing
consumption and demand of electricity over time. As the field
of technology has been improved tremendously the use of
electrical appliances and technology has improved drastically
over the past 10 years. It proposes ahuge demand of electricity
for the future and this demand keeps increasing more than
ever. Many industries and organization uses automation and
machinery that consumes large amounts of electricity and even
at home, many appliances such as TV, A/C, etc. have been
used.

Data mining is the process of extracting hidden predictive
information from large database. Data mining is an intense
new innovation with extraordinary potential to enable
organization to consider on the most essential data in the
information distribution centers. Data mining tool predict
future trends and behaviors that involve knowledge driven
decisions. Data mining technology can generate new business
opportunities by providing automate prediction of trends,
behaviors and automated discovery of previously unknown
patterns. The architecture of a data mining system may have
the following major components such as database, data
warehouse, data warehouse server, data mining engine, pattern
evaluation module and user interface.

Data analysis is the process to identify patterns within the
data by extracting and modeling information. Since
simplifying the amount of information to describe a huge set of
data, features are extracted from the data. Feature selection
plays an important role in several tasks, such as classification,
cluster analysis, data mining, pattern recognition, etc. It is an
important preprocessing technique for effective data analysis,
in which the noise, irrelevant or redundant features are
eliminated by choosing a subset from the original data
features. By this process, the computational costis reduced and
accuracy of data analysis process is improved.

Motivation of the work

In recent times, due to the drastic improvement in the field
of technology and automation the consumption of electricity
has increased exponentially compared to the past 10 years. The
major reason behind this is the use of technology in various
field and areas to complete work in a faster and efficient
manner. Where there is automation, there is always a large
consumption of power. Due to this there is a large demand for
electricity and this demand will keep rising in the future. There
is need to understand and forecast this demand to make
preparation for meeting these demands. Load demand
forecasting is an important research focus that is a need in
many fields. The existing load demand forecast techniques can
accurately predict the demand for short-term and mid-term
periods. But in case of long-term load forecasting, the accuracy
in predicting the load decreases as the period increases. The
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demand and improvements in technology also keeps changing
over time and so there is also a need to improve the accuracy
in long-term forecasting that will keep up with these changes.

Il. RELATED WORK

Yongbao Chen et al (2017) proposed a new SVR method
based on forecasting models for calculating DR baselines of
office buildings. SVR forecasting model with the other seven
traditional forecasting models are used to calculate the DR
baselines. The SVR model proposed is suitable for real-time
calculation, to expend the application and improve its
efficiency.

Hongye Guo et al (2017) discussed about an External
Economic Factors (EEFs) may have greater effects on
electricity consumption. A monthly electricity consumption
forecasting framework called SAS-SVECM is proposed to
improve the accuracy and applicability of midterm. It is based
on the self-adaptive screening method (SAS) and the vector
error correction method (VECM). The correlation and time lag
between the EEF and electricity consumption is addressed by
VECM. SAS method is used to identify the most influential
EEF setbased onthe three steps that is applied for forecasting.
In which two different type of EEF are identified to improve
the performance, forecasting and short-run equilibrium
relationship of VECM respectively.

The author Xueheng Qiu et al (2017) uses the Empirical
Mode Decomposition (EMD) algorithm and deep learning
approach. Load demand series were first decomposed into
several intrinsic mode functions. To model each of the
extracted IMFs, the Deep Belief Network (DBN) including
two Restricted Boltzmann Machines (RBMs) is used, so that
the tendencies of these IMFs can be accurately predicted.

Saima Hassan et al (2016) presented a novel design of
interval type-2 fuzzy logic systems (IT2FLS) by utilizing the
theory of extreme learning machine (ELM) for electricity load
demand forecasting. ELM has become a popular learning
algorithm for single hidden layer feed-forward neural networks
(SLFN). Competitive prediction performance of the IT2FELM
over IT2FKF with noisy data sets shows that IT2FELM can be
utilized to model unpredictable consumerresponse in the smart
grid environment.

E.E. Vogel et al (2017) proposed a time-series analysis to
detect the areas where seismic energy can be occurred. It also
gives an information theory approach to the study of
seismicity. Three places were chosen, where there is a large
occurrence of earthquake for the past 7years. These seismic
data are analyzed by a tunable information recognizer known
as wlzip (word length zipper). At specific position in numeric
information, only the exact matches of the sequence is
recognized by the wizip. The time interval between the
consecutive events is found in the variable by using the
information theory. Thus the seismic data from geographical
regions around the epicenter of important earthquake are
considered on the extended time basis, before and after the
earthquake. Each sequence contains two parameters such as
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mutability and interval dilation that are related to the
information in it. Mutability increases before the earthquake
and it decreases after each events. The interval dilation
increases maximum before the earthquake of magnitude 7.0
and above. It is decreased to the lowest value after the
earthquake. In this period no false overshoot is found, since at
different time period, it has the same behavior for three
different geographical areas. By using this method it is
possible to find the different way in the seismic activity.

Weihui Deng et al (2017) stated that nowadays water quality
problem is a major issue in environment management
department. The author describes a novel method and an
analysis framework for large amount of water quality time-
series data by using the time-series data mining method
(TSDM). It is an important research for identifying the pattems
hiding and knowledge in time-series data. TSDM is mainly
used as an analysis framework. Dissolved oxygen (DO) is used
in the analysis framework, which is for assessing the water
quality of rivers. This DO is analyzed on weekly basis. The
DO with low concentration leads to several problem and it is
an unbalanced ecosystem. The cloud model is used to find the
deviation of random phenomenon.

V. Prema et al (2015) proposed that the use of renewable
energy source is increasing day-by-day. The main objective of
the work is the short-term prediction of solar power from the
solar irradiance by using the time series models. Basic time
series models such as moving average and exponential
smoothing methods were used. Moving average models is a
simple method, that which smooth the past history data. The
different moving averages are simple moving average, double
and weighted moving average. Exponential smoothing is the
extension to the moving average method, which is predicted by
weighted moving average. The accuracy of forecasting was
evaluated by estimating the mean absolute error and mean
absolute percentage error (MAPE). The variation between the
predicted solar irradiance and actual solar irradiance is called
the error. The decomposition model of MAPE is as less as
9.28%. On cloudy days the error rate is increased because of
the sudden change in solar irradiance.

111. PROPOSED WORK

The major criteria to consider in case of long-term demand
forecasting, is to increase the accuracy of forecasting through a
long period of time. The proposed method in this paper uses
the Dynamic Clustering algorithmand the Multi-Forecast Deep
Belief Network (DBN) model for long-term forecasting of
electricity load demand. Initially the input dataset collected is
pre-processed to convert it into the required time series format.
This time series is processed using the proposed Dynamic k-
means Clustering algorithm and the Dynamic Fuzzy c-means
Clustering algorithm separately. A comparison is made
between these two clustering algorithms. The clusters are then
processed using the proposed Multi-Forecast DBN to obtain
long-term forecast values. The advantage of the proposed
method is that fine-tuning and back propagation is employed to
improve the forecasting accuracy. Another advantage is that,
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the forecast are made based on three different classifications
that make it useful to obtain deeper analysis for the future.
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Figure 3.1 overall architecture diagrams

A. Data Collection and Pre-processing

Data collection is the process of collecting data from
various sources for the purpose of analysis. Data can be
collected from two sources, primary sources and secondary
sources. After data collection the raw time series data is
obtained that should be pre-processed to obtain the required
time series data for our analysis. Pre-processing deals with
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handling missing value, wrong values, removing unwanted
values, alignment of data etc.,

B. Dynamic clustering algorithm

The dynamic clustering algorithm is the modified form of
cluster algorithm for the purpose of handling the dynamic
change in time series data over time. Due to this change, the
cluster arrangement also keeps changing with time based on
the changes in each of the instances that are being changed. In
case of the electricity consumption data, the cluster can be
formed based on various factors that affect the overall
consumption of electricity. These factors can be classified into
three as below:

i. Cluster based on seasonal changes — Change in season is
a major cause that affects the consumption and production of
electricity. Seasons are classified into four such as winter,
summer, fall and spring.

ii. Cluster based on application area — The application or
usage of electricity in various fields or area is different and this
also affects its consumption. The area of application is
classified into various fields such as Domestic, Commercial,
Industry and Others.

iii. Cluster based on volume of consumption — Apart from
these two categories, there is another simple classification
factor that considers only the overall volume of electricity
consumed. This can be classified into any number of categories
such as Very Low, Low, Medium, High, Very High, etc.

The proposed Dynamic clustering algorithm takes into
consideration all three types of classification to perform
clustering. This way the load demand can be forecasted based
on these different factors. For this purpose the Dynamic k-
means clustering (DKMC) and the Dynamic Fuzzy c-means
clustering (DFCM) algorithms have been employed (Ignacio
Benitez et al 2016). The pre-processed time series data is given
as input to the Dynamic clustering algorithm. Here for the
purpose of calculating distance, the Euclidean distance measure
and the Correlation analysis measure are used.
k-means Clustering

The k-means clustering is a distance based clustering
mechanism that initially choses randomclustervalues and then
clusters each instance or items within the data based on their
distance to the cluster centers. The k-means clustering
algorithm will calculate the mean of all items within a cluster
to calculate its cluster center value. In most cases the k-means
algorithm uses Euclidean distance for clustering but in case of
time series data other measures such as correlation analysis or
cosine similarity can also be used. The proposed Dynamic k-
means clustering (DKMC) algorithm uses the k-means
approach dynamically to cluster electricity time series data
based on certain pre-defined factors as discussed previously.
Fuzzy c-means clustering

The Fuzzy c-means clustering algorithm calculates the
membership values of each instance or data within the time
series by making use of fuzzy sets. The fuzzy set value here
corresponds to the cluster centeror the centroid. The number of
fuzzy sets can be set to any value based on the need and this
number is the same as the number of clusters that will be
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formed. The Fuzzy c-means clustering makes use of a
fuzzification parameter called as ‘m’ within the range [1, N]
and this will determine the degree of fuzziness of the clusters.
If the value of mis set to be 1, then the effect will be the crisp
clustering of points into the clusters. As the value of m
increases the degree of fuzziness between the points or data
also increases. Similar to the k-means clustering, the Fuzzy c-
means clustering also selects random cluster centers initially
and then uses the Euclidean distance or Correlation measure to
calculate the distance of each data or instance to each of the
clusters. After this step, the Fuzzy c-means clustering will
calculate the membership matrix that includes membership
values of each instance with that or all the clusters. The sum of
membership of a single instance with all clusters will always be
1. Then using these membership values of the instances ordata,
the new cluster centers are calculated and the algorithmkeeps
iterating till the optimal cluster split has been generated.

C. Demand Forecasting

The proposed demand forecasting model here makes use of
the Deep Belief Network (DBN) for forecasting the load
demand (Ping Zhong et al 2016). The Deep Belief Network
(DBN) is a graphical model that consists of many layers with
each layer consisting of hidden units or latent units. All these
layers are connected between each other but there is no
connection between the hidden units of one layer and the other.
The DBN makes user of the Restricted Boltzmann Network
(RBM) stacked up on one another for the unsupervised
learning process. An RBM is an energy based model that
consists of one visible layer and one hidden layer that are
connected together. By stacking up many RBMs over one
another, the hidden layer of one RBM becomes the visible
layer of the next RBM. This way the unsupervised training
process takes place using a greedy algorithmand this is called
as the Deep Belief Network (DBN).

D. Multiple Load Demand Forecasting

In the proposed approach, the Deep Belief Network (DBN)
training model is enhanced by making use of fine-tuning and
back-propagation algorithm, this process of enhancement is
known as multiple load demand forecasting. All the parameters
used within the deep learning architecture to improve the
efficiency in the training process and to improve the
forecasting accuracy. The fine-tuning here is done with respect
to a supervised training criterion, which makes use of
additional learning process to obtain accurate forecasting from
the learned data. For this purpose the supervised gradient
descent based fine-tuning is done on the output of the last
hidden layer of the DBN that makes use of the logistic
regression analysis and log-likelihood cost function. This will
enhance the obtained forecasting result and provide better
accuracy. Apart from the fine-tuning, the back-propagation
algorithm is also used within the proposed DBN. According to
the back-propagation algorithm, whenever the training results
obtained from one layer is not up to the satisfactory level then
the process goes back to the starting of that layer to implement
the training process again. The back-propagation algorithm
makes sure that the training result of one layer is more efficient
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and provides better training results compared to the previous
layer. This way the final output obtained at the last layer is
already an optimized oneand this is further fine-tuned to obtain
the most optimal forecasting result. This way the proposed
DBN based demand forecasting can be used for long-term
demand forecasting with enhanced accuracy.

E. Performance Analysis

Performance analysis is the process of calculating the
performance of the algorithm used by using certain metrics.
These metrics are called as performance metrics and different
metrics are user for different types of algorithms and
applications. In case of forecasting, the performance of the
forecasting algorithm can be shown by identifying its accuracy
and error rate. The lesser the error rate, the higher is the
performance and accuracy. The most commonly used
performance analysis metrics for forecasting algorithms are:

i. Root Mean Squared Error (RMSE)
The RMSE shows the error that is prevailed between the

actual forecast obtained f and the expected forecast €.

(fx _ ef)z (3.1)
(i)

1
RMSE = |—
N

Here N is the total number of instances or users and
i=12,....N

ii. Mean Absolute Error (MAE)

The MAE shows the average absolute difference between

the actual forecast obtained f and the expected forecast €

1 :
MAE’=—Z fi—el (3.2)
N Loy

iii. Mean Absolute Percentage Error (MAPE)

The MAPE is the average absolute percentage difference
between the actual forecast obtained f and the expected

forecast €.
1 Ifi — el
MAPE =ﬁz el 69
(&) el

IV. RESULT

For the purpose of implementation, the USA electrical
dataset of 2004 has been taken that consists of many cities. For
implementation only 3 cities has been taken and each of these
cities has electricity consumption for different buildings as
given in the list below.
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FullService Restaurant | QuickService Restaurant
Hospital Secondary School

Large Hotel Small Hotel

Large Office Small Office

Medium Office Stand-alone Retail Shop
Mid-rise Apartment Strip Mall

Out Patient Hospital Super Market

Primary School Warehouse

So, each city has a total of 16 files for each of the buildings
as above and so for 3 cities the total number of files is 48. Each
file contains the electricity and gas consumption data for every
hour for the whole year 2004. Also the electricity consumption
and gas consumption are split based on the different rooms.

Consumption based Cluster Split
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Fig.2. Cluster result based on electricity consumption

Season hased Cluster Split
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Fig.3. Cluster result based on seasons

During the pre-processing stage, the gas consumption
values are removed and the electricity consumption values for
different rooms are added. The final preprocessed file contains
total electricity consumption for every hour. During the first
stage of implementation the clustering algorithm is
implemented to cluster all the 48 files and for this the k-means
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clustering and Fuzzy c-means clustering is used with Euclidian
distance and Correlation analysis separately.

Field of Work based Cluster Split

HKCME WKMCC mFCME mFCMC

Numberof Data inside Cluster
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Errorin Season based Forecasting
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Fig.4. Cluster result based on field of work

The cluster results are shown below in Fig. 2, Fig. 3 and
Fig. 4 respectively for Consumption based, Season based and
Field based clustering.

After the clustering process the multiple forecasting is
implemented for all three types of cluster results separately to
forecast the electricity consumption for the next year 2005. Fig.
5, Fig. 6 and Fig.7 shows the overall forecast error for each
month of forecast for the year 2005 respectively for
Consumption based, Season based and Field based clustering.

Errorin Consumptionbased Forecasting
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Fig.5 Forecast error in electricity consumption based
forecasting
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Fig.6 Forecast error in season based forecasting
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Fig.7 Forecast error in field of work based forecasting

The results show that the forecast value obtained by using
the Euclidean distance has relatively lesser error compared to
the forecast made using the Correlation analysis. Also it can be
seen that different forecast result has been obtained for
different type of clustering options. So based on this the
detailed forecast can be obtained for analysis.

V. CONCLUSION

Load forecasting is an important field in recent times and
there is a need to forecast the demand of electricity for the
future concern. In this project the load forecasting is done
based on different criteria such as the season, electricity
consumption and the field where the electricity is consumed.
By forecasting the load based on different aspects deeper
analysis and findings can be obtained. The detailed study on
electricity load forecasting is done by studying the various
types of forecasting and the various algorithms used. The need
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for load demand forecasting and its applications has also been
studied by taking various research papers. A detailed survey
has been made with the existing methods and their advantages
and disadvantages have been noted. A suitable dataset has been
downloaded for the proposed multiple load forecasting model
that contains all the three required factors. The data is collected
and then pre-processed to make it suitable for implementing
the next phase for demand forecasting. The pre-processed data
will be split based on the three proposed factors using the
dynamic clustering algorithm. Both the k-means and the Fuzzy
c-means clustering will be used separately. After clustering, the
Deep Belief Network (DBN) based load demand forecasting
will be implemented for each cluster and then the Multi-
Forecast DBN will be implemented to forecast long-term load
demand. To improve the accuracy in long-term demand
forecasting, the fine-tuning and back propagation algorithms
will be employed within the Multi-Forecast DBN model. In the
future, the accuracy in forecasting will be further enhanced by
using an intelligent and automated Fuzzy based Logical
System that takes into consideration many aspects and
conditions that apply to real time reasoning of electricity
consumption that depends on factors such as people, climate,
area, type of organization, type of work and the social
behavior.
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