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ABSTRACT

Article history:

Over the previous decade, energy usage has increased exponentially all over
the world. The machine learning algorithms are used to classify the demand
and requirement of off and evening peak load of southern regional load
dispatch centre (SRLDC) data. In this paper, data are classified based on
demand and requirement of both evening and off peak of day wise southern
regional grid of Andhra Pradesh, Karnataka, Kerala, Tamilnadu, and
Pondicherry of different states are proposed. The machine learning
algorithms like k-nearest neighbors (KNN), random forest, and logistic
regression have been adopted to classify the model. To improve this model
efficiency, an ensemble learning method is used to increase the accuracy.
The performance measure of state-wise outcome is determined by
classifying its demand and requirement needs over its state energy
consumption and with different classification algorithms and it is improved
by using a combined method of ensemble model with accuracy of 86%.
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1.

INTRODUCTION
The big data strategy is used in various technologies for implementing the large volume of time
series forecasting. These insights are used for energy usage patterns, demand forecasting, and optimizing the
energy usage in the time series streams. This will prevent outages from smart meters for data driven decision
making system for power system. The consumer behavior is based on seasons and weather for influencing
the energy consumption. Therefore, the design models are capable for analyzing the time series from smart
meters for energy consumption [1]. The energy forecasting model is one of the components used for
optimizing the energy model. This building energy model is used for predicting the energy consumption for
weather conditions. A number of approaches are explained for demand forecasting to precise energy model.
Three approaches are classified for predicting the building energy model for qualifying the work of smart
meters [2].
The most challenges for energy utilities for organization are based on voltage security. The voltage
level occurs in energy systems for power transmission for heavily loaded energy model. This power
transmission is reacted over the voltage stability for shortage of reactive energy model in power system [3].
The energy efficiency of buildings are used more in European parliament and council for cost effective in
energy savings. As a result, the energy efficiency is increased in day to day life for securing the public
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buildings and national government. The energy consumption data are loaded in web application for accessing
the energy efficiency in power transmission [4].
The renewable energy is used in various global locations for transmitting the several energies in
power system. It requires the conventional energy for developing the energy systems throughout the world
for applying the time series demand data for developing the power emissions in solar energy [5]. This solar
energy review is done in various research and development for analyzing the regional innovation for
investigating the global patent of energy analyses [6]. Energy consumption is used in different sources like
renewable, fossil fuels, and nuclear resources for tracking the consumption of energy in different area or
locations. This usage is rapidly increasing in industrial process for developing the country in power
transmission. Therefore the energy is used in all over the country for developing the energy model in various
sectors [7].
The demand data are used in time series energy forecasting for manipulating the data driven model
for transmitting the energy data into a regional characteristics for smart grid. This predictive model utilizes
the energy consumption for demand side data for improving the energy usage in power grid system. This
energy utility is providing the sufficient data for increasing the forecast model for real time changes on both
demand and supply for energy data [8]. This characteristic is used in different countries for developing the
power conditions and the production of energy consumption. Furthermore the power companies are used and
maintained the weather conditions for calculating the amount of energy for satisfying the customer in energy
production. The power companies are used in advanced for predicting the energy data for electricity
production in power consumption [9].
This approach is used in several sources in sensors and the internet for collecting the data to predict
the energy model for decision making. Based on this model, the power transmission will be high in
implementing the computing operations in power usage. It will easily rectify the power transmission for
predicting the future results in various applications for power operation [10]. The power transmission is
carried out in various energy sectors for calculating the time series demand for energy usage in both supplies
as well as in demand. The energy usage is increased in several areas for averaging the demand in various
streams in power grid system [11]. The ensemble learning method is used to co-operate the combination of
various algorithms for implementing the new input patterns for predicting the higher accuracy measurement
of different models. This model represents the generative algorithm to improve the accuracy of base
learners [12].
The working model is done by using clustering algorithms for forecasting the energy usage of peak
and non-peak hours of demand. It focuses on determining the consumption of demand data for smart meters
applications [12]. The energy model studies the investigation of energy prediction in building energy model.
The artificial neural network (ANN) algorithm is proposed for predicting the energy consumption for
computing the energy data driven model. It tolerates the energy transmission for classifying the control and
diagnosis of energy domain [13].
The voltage measurement is used for power system parameters for calculating the stability of
variable measurement of demand data. This measurement can be used with computational technique for
calculating the time series streaming data for demand met in peak hours. This measurement is done by day
wise calculation of voltage stability of various countries for deploying the power system in energy
consumption [14]. This paper examines the pre-processing methods for intelligent system for power quality
distribution. It is possible for implementing the several algorithms for determining the energy needs in public
as well as in private sectors. The predictive energy model is used in convenience of energy consumption in
proposed architecture [4].
An iterative approach is implemented for developing the energy efficiency of various energy
domains for solar energy. This photovoltaic infrastructure is used in large scale utilization of energy needs in
various sectors. The physical principles are used in power distribution for determining the various power
quality machines. This infrastructure is increasing on energy precise for demand needs [15]. The heating,
ventilation and air conditioning (HVAC) model is determined for energy consumption of energy needs for
various power sectors for both private and public consumption. The neural network algorithm is implemented
for calculating the needs of demand in both peak hours of energy consumption [16].
The clustering methods are used in this study for deploying the power consumption of energy
infrastructure in residential buildings. The swarm optimization technique is deployed for calculating the
energy in various energy needs. This calculation is done and verified by using machine learning algorithms
[7]. The weather data is used for pre-processing the needs of day and off peak of energy demand in power
system. These data are further compared with random forest and deep learning algorithms for weather
demand forecast [8]. The smart meters of different areas are used for data driven modeling for power
harvesting of energy needs. These energy consumption of data are used in power quality distribution in
European council power development of demand data [9]. The classification of building energy model is
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used for developing the various energy demand and requirement needs of various forecasting methods by
implementing the random forest (RF) algorithm. This approach is done using deep learning algorithms for
deploying the quality of power maintenance in national government [11].
The energy data is maintained in data warehouse for calculating the energy efficiency of predictive
modeling of power synchronization. This data can be easily maintained in a database for building the energy
model. The energy utilization is done by using the ANN algorithms for maintaining the power consumption
in various energy sectors [13], [14]. Both supervised and unsupervised algorithms are used for deploying the
power maintenance for various distributions of demand and requirement needs of power quality problems. It
assures the predictive model for analyzing the various needs of energy [17].
The correlation coefficient of statistical database is distributed in energy needs for calculating the
mean and median of and demand data needs. This study examines the relationship of energy demand in
various power quality distributions. This technique is used in various statistical methods for developing the
requirement of energy distribution [15]. The big data strategy of IoT devices are used in power distribution
for supporting the power quality problems in demand [16].
. The energy efficiency of demand side infrastructure is used for calculating the energy demand in
energy management system [18]. The study describes about the energy consumption of demand data for
calculating the data driven for decision making for power transmission analysis [19]. The architecture used in
this study is unified process model for developing the big data in internet of thing (IoT) [20]. In addition, the
anomaly detection of power consumption is calculated for energy consumption for predictive big data
modeling. Thus the infrastructure behind the energy needs is measured base on the demand and its
requirements [21].
The meteorological power distribution parameters are also used for measuring the energy demand
prediction for data modeling techniques. The deep learning algorithms are used for implementing the demand
of energy consumption of data [22]. To predict the renewable and non-renewable of power energy sources is
used for measuring the power quality problems in energy sectors [23].
The algorithms are implemented and root mean square has been calculated for measuring the
demand needs in power generation. The application is used for determining the requirement of power
distribution in various energy distributions [24], [25]. The ANN model is used for predicting the
power consumption for quick estimating the energy needs in both demand and requirement of energy
variables. Thus the energy model has been determined for transmitting the energy needs in power distribution
system [26].
The non-parametric model is proposed in this study for analyzing the new instances of classification
model. KNN model is used for predicting the power quality problems in residential buildings. The hourly
consumption of data is used for testing the power problems to increase the impact of energy consumption in
better way [27]. The Euclidean distance is calculated for power load data from national electricity market.
The k-nearest data points are measured for reducing the regulations in electricity. KNN model is achieved
and the algorithms produce the good classification for fitting the energy variation [28]. The electrical grid in
power transmission is used in power distribution of demand side of energy data. This energy data is
implemented in various energy generation for calculating the load forecasting of streaming power
distribution data [29]. The energy management system is used for transmitting the need of energy for
increasing the energy needs in various energy purposes. Therefore, the development of power transmission
will be increased in day today life [30]. According to the study, machine learning algorithms are used for
classifying the demand prediction of power transmission in physical model [31].
The main objective is to demonstrate the various classification algorithms for classifying the energy
demand and requirement for both evening and off peak of energy consumption. The proposed algorithm is
used for classifying the needs using random forest, KNN, and logistic regression. The proposed workflow
model of data is obtained from southern regional dispatch centre (SRLDC) of demand met and its
requirement of various states of southern region. The classification algorithm is implemented in Google
Colab using python. The main focus is to demonstrate the energy consumption data to calculate it’s demand
and requirement of overall energy during evening and off peak.

2. METHODS
2.1. Dataset description
The data set was obtained from the web sources of SRLDC. This operational hub, which screens the
conditions of Karnataka, Tamil Nadu, Andhra Pradesh, Telangana, Kerala, Pudhuchery, and covering the
central segment, state sector and independent power is delivering stations, an all-out zone of 6,51000 sq.kms.
It is one of the five regional load dispatch centers, working under the national load dispatch center. National
load despatch centre (NLDC) is claimed, worked and kept up by power system activity corporation of india
limited (POSOCO), an auxiliary organization of power grid corporation of India limited [32], [33]. The data
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file consists of 2124 instances under the variable names demand met in the evening peak, off-peak, and
requirement in evening and off-peak. The data are mainly worked under the state demand met of day wise
parameters like demand met at evening peak, requirement at evening peak, demand met at off peak, and
requirement at off peak of day energy. Based on this calculation, the values are collected from the SRLDC.
All the values for these particular variables are taken in real time. Each and every variable of demand met
data is described as shown in. Designing the machine learning algorithms based on energy productivity of
demand and requirements, the following algorithms are described as shown in Table 1.

Table 1. Description of various energy procedures based on demand and requirement
Group of attributes
Demand met at evening peak
Requirement at evening peak

Attribute name
Demand of overall energy during evening.
Requirement of energy during evening
peak

Demand met at off-peak

Demand met during off peak.

Requirement at off-peak

Requirement met during off peak.

Descriptive statistics
Numerical data based on time series demand.
Numerical data based on time series
requirement–unstructured data.
Numerical data based on time series at offpeak demand.
Numerical data based on time series at offpeak requirement-unstructured data.

2.2. Logistic regression
Logistic regression is used for calculating the discrete set of classes. Binary model and multi linear
functions are the two models used mainly for logistic regression. It can easily solve the classification
problems to a predictive analysis based on the concept of probability [34]. The cost function can be analysed
using sigmoid function. The hypothesis of logistic regression tends to a limit for determining the cost
function between the value of 0 and 1.
0 ≤ h(θ) (y) ≤ 1

(1)

In order to map the probability function for a predicted values, the function maps of a real value data
to calculate another limits of 0 and 1 [35]. From the limits, the regression value is used for hypothesis testing
for linear regression formula is:
h ⊝ (y) = β0 + β1 (y)

(2)

Whereas for the logistic regression, the little bit modification of formula will be to calculate the hypothesis is,
σ(x) = σ(β0 + β1 X)

(3)

Now the expected values of hypothesis will give values between 0 and 1.
Z = β0 + β1 (y)

(4)

h ⊝ (y) = Sigmoid(X)

(5)

(i. e) h ⊝ (y) =

1
1+e−(β0 +β1 (y))

(6)

From the above result, the decision boundary has been calculated for threshold of returning a
probability score between 0 and 1 [36]. Finally, the cost function represents the optimization of convex
function to minimize the cost value and finding the global minimum of logistic regression.
2.3. Random forest
Random forests are a directed learning calculation. It might be used both for portrayal and
backslide. It is moreover the most versatile and easy to use calculation [37]. Random forests suit the choice
trees on randomly picked data tests, get estimate from each tree and pick the best course of action of
characterization model shown in Figure 1. It moreover gives a respectable marker of the component
importance. The algorithm carried out in the below steps such as:
Step 1: Select random examples from a given dataset.
Step 2: Develop a decision tree for each example and get a forecast result from every choice tree.
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Step 3: It performs voting for a predicted outcome.
Step 4: Select the forecast result with the most votes as the final prediction.
Random forests are considered as a profoundly exact and strong technique in light of the quantity of
decision tree model [38]. The fundamental clarification is that it takes the typical of the general huge number
of figures, which balances the steady factors. There are two distinct approaches to manage these: using centre
characteristics to replace consistent factors, and handling the closeness weighted normal of missing qualities.

Figure 1. RF classification model

The importance of random tree of each feature selection is divided into the smaller subsets such as,
fsii = ∑ j =

node j splits on feature selection i nij
∑ k ϵ all nodes nik

(7)

where feature selection of sub (i) belongs to the feature of i.Node sub (j) belongs to the importance of node j.
for each random forest iteration the binary tree is calculated the value between 0 and 1 by dividing the feature
selection of values,
normfsii = ∑

fsii
j ϵ all features fij

(8)

The sum of feature importance of random tree model is divided by the total number of trees,
RFfii =

∑ j ϵ all trees norm fiij
T

(9)

where RFfii is calculated from all trees in random forest model. T represents the total number of trees,
norm fiij belongs to the feature importance for i in tree j.
2.4.. KNN classifier
KNN is a supervised machine learning algorithm which can be used for both regression and
classification analysis [39]. KNN is used for implementing the feature similarity to predict the value for new data
point. It can also match the training dataset for analysing state assumptions [40]. Working procedure for KNN:
Step 1: First step is to work KNN algorithm is to loading the data.
Step 2: After loading initialise the value of K in chosen neighbours
Step 3: Now calculate the distance of data points for each K Neighbours
Step 4: From the distance calculations add the indices from K entries
Step 5: Get the variable of selected K entries.
Step 6: Next chose the top K list of an element.
Step 7: finally assign the test points based on the selected variables.

3.

RESULTS AND DISCUSSION
The input data is segregated based on Table 2. The state demand met data is wrapped from online
SRLDC report. The required data is demand and requirement of evening peak and off peak. In this model, the
Performance analysis of demand forecasting in energy consumption based … (Dhanalakshmi Jaganathan)
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data set is divided into four sub data sets which are demand based on evening and off peak, requirement
based on evening and off peak, evening peak based on demand and requirement, and off-peak based on
demand and requirement. In this classification, the target variable and class variables are divided based on the
fields. By analysing the classification accuracy, the ensemble model is proved to shows the best accuracy in
energy model [41], [42].
Table 2. Generation of dataset
Demand
Numeric Data Class
Evening
0
Off
1

Requirement
Numeric Data Class
Evening
0
Off
1

Off
Numeric Data
Demand
Requirement

Class
0
1

Evening
Numeric Data Class
Demand
0
Requirement
1

The main task after classification is to identify how far, the classification algorithm works on
different set of same data. Initially, the classification starts with evening peak on demand and requirement
followed with off peak on demand and requirement. Finally, it ends with requirement and demand of evening
and off peak [43]. The class values are rearranged based on categorical data. In evening peak, the class value
of demand is set as o and the requirement is set as 1 and the target value is evening peak. In off peak data, the
class value of demand is set as 0 and the requirement is set as 1 and the target value is off peak. In
requirement data, the class value of evening is set as 0 and the off value is set as 1 and the target value is
requirement. In demand data, the class value of evening is set as 0 and the off value is set as 1 and the target
value is demand.
Once the performance is classified using both demand and requirement next parameter is to classify
the evening peak and off peak. The evening peak is set as a target variable the class fields are classified using
the three algorithms and the classification accuracy gives low performance in evening peak in KNN as 34%,
random forest gives 27% and logistic regression gives 50% of accuracy. Once the algorithms are implemented,
the ensemble model is performed and it gives 35% of accuracy in evening peak. Next, the off peak is classified
using the same algorithms and gives the classification accuracy of 40% in KNN, 37% in random forest, 50%
in logistic regression. By combining these three algorithms in ensemble model and it shows the accuracy as
40% in off peak. The Table 3 shows the evening and off peak of accuracy result of energy data. Figure 2
explains the contribution of each classification algorithm based on evening and off peak.

Table 3. Accuracy rate of evening and off peak
Target Data
Evening Peak – Demand and Requirement
Off-Peak – Demand and Requirement

KNN
34%
40%

Algorithm Used
Random Forest Logistic Regression
27%
50%
37%
50%

Evening Peak – Demand and
Requirement

35%
40%

Off-Peak – Demand and
Requirement

KNN

24%

Ensemble Model Performance Rate

KNN

23%
Random Forest

24%

24%
Random Forest

Logistic
Regression

Logistic Regression

19%
34%

Ensemble Model
Performance
Rate

30%

22%

Ensemble Model
Performance Rate

Figure 2. Contribution of each classification algorithm based on evening and off peak
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After performing the demand data, next data is classifying using requirement as a target variable.
The classification algorithm performs and gives the accuracy rate of 74% in KNN, 69% in random forest and
50% in logistic regression. From this classification accuracy, ensemble model is performed and gives the
accuracy rate of 75%. The Table 4 describes the output result of requirement data and demand data. The
Figure 3 shows the Contribution of each classification algorithm based on requirement data and demand data.

Table 4. Accuracy rate of requirement data and demand data
Target Data
Requirement – Evening and Off Peak
Demand – Evening and Off Peak

KNN
74%
83%

Algorithm Used
Random Forest Logistic Regression
69%
50%
75%
50%

Requirement – Evening and
Off Peak

Ensemble Model Performance Rate
75%
86%

Demand – Evening and Off
Peak

KNN
KNN

27%
28%

Random Forest

29%

28%
Random Forest

Logistic
Regression

17%
19%

26%

Logistic
Regression

26%

Ensemble
Model
Performance
Rate

Ensemble
Model
Performance
Rate

Figure 3. Contribution of each classification algorithm based on requirement data and demand data

First, from the demand data classification, the KNN algorithm is analysed and gives the accuracy
rate of 83%. Next, the data are classified using logistic regression and random forest. Random forest gives
the accuracy rate of 75% whereas the logistic regression gives the 50% of classification accuracy. From these
classification rates, the data are ensembled by combining the KNN, RF, and LR and give the new instances
of accuracy is 86% in ensemble model.
From the overall performance, the data are classified with four parameters. By showing of the result,
logistic regression gives equal output for demand, requirement, evening and off peak whereas the random
forest is low and high based on the data and KNN shows the good accuracy in all energy parameters than the
logistic regression and random forest. From this classification accuracy, the ensemble model is performed
and gives the good precision in demand data. In the evening and off peak the algorithm as well as ensemble
model gives low accuracy. So the demand data is very high and performs the good accuracy of 80% in
ensemble modelling using KNN, logistic regression and random forest. The Table 5 represents the overall
performance of ensemble modelling classification. Figure 4 shows the complete graphical analysis of all
classification based on input dataset.

Table 5. Accuracy value of all classification algorithms based on each dataset
Target Data
Demand
Requirement
Evening Peak
Off-Peak

KNN (%)
83
74
34
40

Algorithm Used
Random Forest (%) Logistic Regression (%)
75
50
69
50
27
50
37
50

Ensemble Model Performance Rate
86
75
35
40

Performance analysis of demand forecasting in energy consumption based … (Dhanalakshmi Jaganathan)
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Ensemble Model…

86

100
90
80
70
60
50
40
30
20
10
0

75 35 40

Logistic Regression… 50 50 50 50
Random Forest (%)

75

KNN (%)

83
0

69 2737
74 34 40
100

200

Demand

Requirement

Evening Peak

Off-Peak

100
90
80
70
60
50
40
30
20
10
0

86
75
40
35

300

KNN (%)

KNN (%)

Random Forest
(%)
Logistic
Regression (%)
Ensemble
Model
Performance
Rate

24%
24%
28%
29%
17%
19%
34%
30%

24%
23%
27%
28%
26%19%
26%22%

Random Forest
(%)

Logistic
Regression (%)
Ensemble
Model
Performance
Rate

Figure 4. Complete graphical analysis of all classification based on input dataset

4.

CONCLUSION
This paper deals with the classification of energy consumption of both demand and requirement data
based on evening and off peak of Southern Indian Power Distribution System. The machine learning
algorithms are used on time series data for classifying the energy needs in evening and off peak hours based
on demand and requirement. The algorithms KNN, Random Forest and Logistic Regression are used to
classify the data. Furthermore, classified data is taken to ensemble model to improve the accuracy of
classification. The results show that the accuracy is achieved by ensemble model which produces 86% than
the remaining machine learning algorithms. The benefits levels of energy consumption data is achieved more
in demand based on off peak and evening peak.
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