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Abstract 
 
Meeting the peak demand in India which has a predicted growth of 10 GW 
every year is a considerable challenge for India’s electric sector. The 

coincidence of customer's demand with system peak demand becomes more 

expensive for the utility. Hence, control of customer's demand coincident 
with the peak demand at various levels in the electricity market can yield 

savings to the supplier and the customer. Residential Energy Consumption 

(REC) in India has a good contribution towards peak demand and has a great 

scope for peak demand reduction. Forecasting and Analysis of forecasted 
REC data at the user-level during peak hours over time can result in great 

savings through energy efficiency, customer awareness, and conservation 

measures for both customers and utility. Hence, the main focus of the paper 
is on forecasting individual home meter-level half-an-hour granular load for 

Indian residential customers and load data analysis of the predicted data that 

analyses the customer's demand coinciding with utility demand during peak 
hours. Support Vector Regression (SVR), a proficient prediction Machine 

Learning model has been used in this work for forecasting 9 houses 

individual half-hourly consumption synthetic data that has been created for a 

year based on customer’s consumption patterns and lifestyle. 
 

Key words: Individual meter-level load forecasting, Residential load, 

Support Vector Regression, Peak-load, Load data analysis. 

 
Journal of Green Engineering, Vol. 10_9, 5401–5420. 
© 2020 Alpha Publishers.All rights reserved 



                                                                                                                  
 

 

 
 

 

 
5402 G.Swathi et.al 

 

1 Introduction 
 

Of the total power consumption at present in India, around 27%-30% is 

contributed by residential loads, second highest consumption sector of 

electricity after the industrial sector, and hence understanding and analyzing 
the Residential Energy Consumption (REC) will have a great impact on grid 

performance improvement and energy usage optimization through programs 

like Demand Response [1, 2]. Residential electricity consumption (REC) is 

the total electricity usage of households to run appliances like ceiling fans, 
televisions, and refrigerators. Five to six times increase in India’s REC by 

2030 has been projected by various studies. REC in India has a considerable 

impact on peak demand, whose anticipated growth is such that planned and 
current capacity of non-coal firm installations may not be sufficient to meet it 

as early as 2021 or 2022 [3]. This condition affects the power grid's 

reliability and resiliency. Electricity use during peak periods has a more 
significant impact on the costs of the electric distribution system and the 

environment [4].If a customer can reduce his demand coincident with system 

peak demand, then the customer can save costs to the supplier, distributor, 

producer, and to the customer itself. 
Better forecasting of the residential electricity future demand will help in 

the development of various energy models for India, which may be useful for 

the planning and development of the energy sector. Forecasting and analysis 
of individual meter-level load during peak hours would result in a great 

reduction in peak demand. As the energy sector in India is planning to deploy 

smart meters in every home and with the oncoming smart grid technology, 

there is a great scope for the residential sector for peak demand reduction 
through customer awareness programs regarding peak demand coincidence.        

The remaining sections of this paper are organized as follows: The work 

related to this paper is presented in section 2. Section 3 deals with the 
Methodology for load forecasting technique and SVR model developed for 

Individual residential consumers. The obtained results using the proposed 

model are presented in section 4. In addition, individual and comparative 
load data analysis based on forecasted data and classification of customers 

are also presented and discussed in the same section. Section 5, concludes the 

findings of the work by discussing possible future work in the same 

direction. 
 

2 Related works 
 

Work in [5] states that 7% of consumption reduction can be achieved 

through consumer awareness about their consumption. Currently, most 

energy providers in India offer flat tariffs, with a few important exceptions. 
The analysis performed in [6] shows that with block, flat pricing in the 

residential sector, no peak demand reduction is possible.  
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To overcome this problem, time-based rate programs like Time of Use 

(TOU) can be introduced to residential customers. With the advent of smart 

meter technology, consumption data availability resolution has increased, 
thus resulting in various research studies in load prediction and its solution. 

Different machine learning techniques like neural networks [7, 8], support 

vector machine [9] have been used for short and medium-term electrical load 

forecasting. Different time series analysis techniques, including Auto-
Regressive-Moving–Average (ARMA) and Auto-Regressive Integrated 

Moving Average(ARIMA) models have also been used for electricity load 

forecasting [10,11]. Due to the complexity and slow computational 
performance, most of these regression techniques and machine learning 

algorithms were difficult to provide an accurate and deep understanding of 

the results. Since individual house energy consumption fluctuates heavily 
even in consecutive hours or days and depends on many factors like family 

size, type, and a number of electrical appliances used at a particular time, 

people count staying in the home at a particular time and so on, it is a 

difficult task. Aggregated level load forecasting in either residential buildings 
[12, 13] or commercial buildings [14] has been carried out by most of the 

load forecasting models to overcome the impact of individual user's 

consumption variability [11] address that forecasting at household and 
district levels can be improved by considering statistical relations between 

consumption series using various machine learning techniques, such as SVR 

and multilayer perceptron (MLP).  Authors in [15] evaluates seven different 

machine learning algorithms with the objective of determining a successful 
algorithm that predicts next hour consumption of residential building by 

comparing commercial and residential datasets. This study concludes that for 

commercial buildings, NN based methods performs best but exhibits poor 
performance on residential loads and Least Squares Support Vector 

Machines perform best for the residential domain. Lusis, Peter et al., in [16] 

shows that historical data of one year is sufficient for developing a forecast 
model for residential load and also forecast errors can be reduced with coarse 

granular data. Authors in [17] demonstrate the feasibility of individual 

household load forecasting and the impact of consumer behavior variability 

on the accuracy of individual residential energy forecasting. This work uses 
Exploratory data analysis (EDA) for visualization of data and feature 

selection of the model. Laicane, Ilze & Blumberga et al., based on various 

assumptions, describes in [18] that overall forecasting result shows that users' 
behavior and demand response has a significant impact on future electricity 

consumption [19] calculates Demand Response times and unit-level Demand 

Response lift-off times as per user specified comfort levels using Big Data 
technologies like Apache Spark and Apache Cassandra for data analysis and 

real-time jobs. Dong, Z. Li, S. M. Rahman, and R. Vega in [20] forecast AC 

and non-AC loads simultaneously by using a 2R-1C thermal network and an 

AC regression model hybrid approach.  
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By summing up two forecasts, total energy consumption is produced. 

Authors in [21] provide a hardware solution which is economical for 

residential sector with the architecture that has untouched potential in 
demand response. Authors in [22] worked on developing a residential home 

electricity consumption model by using Markovian models for studying 

simulation of distribution network, sizing of transformer and demand 
response. K Yumak in [23] classifies and reviews different types of 

customers using PR and NR ratios and finds that tariff-based programs are 

suitable for residential demand response purpose [24] shows that customer 
response to residential DR depends on reasons like customer carelessness to 

a small fraction of benefits, not able to understand the pricing system, not 

having options to change their consumption, etc. The author suggests that 

these reasons must be considered while designing DR programs. 
As India's energy sector is planning for smart meter installations and 

TOU pricing to residential customers, the contributions in the present work 

may help to plan different Load management programs that are performed on 
the customer side to balance the demand.  

 

2.1 Research Highlights 
 

• Individual half-hourly meter-level load forecasting for residential 

customers of India for all the days in a year has been proposed and 

implemented. This work proposes a new approach of utilizing forecasted 
load data of each residential customer to analyse their on-peak hour 

consumption a month ahead rather than analysing after consumption.  

• Load data analysis on forecasted data to analyse individual 
customer's demand coincidence with peak demand and utility level. 

• A classification algorithm to classify and identify customers 

based on their forecasted load whose consumption is more during peak hours 
at utility level has been proposed. This helps the utility to plan and execute 

different customer awareness programs or tariff-based programs at the 

residential level  
 

3 Methodology 
 

This section introduces the data set, different features considered to 

develop the model and forecasting technique used. Support Vector 

Regression (SVR) modeling, a machine learning approach, has been used for 
electricity forecasting on the half-an-hour granularity of individual 

residential customers. SVR model is more stable with fewer hyperparameters 

and highly effective in forecasting even with small quantities of data with 
high prediction accuracy when compared to other machine learning 

algorithms.  
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Synthetic data of Home electricity consumption for 9 households in the 

AP state of India has been created by studying the daily consumption pattern 

of 9 customers and the usage of their electrical appliances and their lifestyle. 
The data has been created for one year, and the dataset includes half-hour 

granular data for a period between January 2018-December 2018. Half 

hourly temperature data during this period has been gathered from the 

government website. Since the forecasting model SVR used in this work is a 
supervised machine learning algorithm, Figure 1 illustrates the workflow of 

the same. 

 
Figure 1: Workflow of Supervised Machine Learning for Individual Load Forecast 

 

3.1 Data Pre-processing 
 

For developing  more accurate machine learning models ,Data pre-

processing plays a very important role in machine learning . The raw dataset 

used in the present work consists of 1,57,680 lines of half- an -hour meter 
reading value for nine houses that consists of electricity consumption data 

measured in kilowatt-hour (kWh) for 1 year. Missing or invalid consumption 

values are replaced by the average value of the previous and the following 

hours electrical consumption to avoid undesirable impacts on the prediction 
model. Also, the temperature data obtained from the government website is 

also pre-processed the same way by replacing the average values in place of 

missed values. 
 

3.2 Feature Preparation 
 

To make predictions, prediction models need some inputs to the system 

which are independent variables and these variables are called 

Features. Different features considered in this work for forecasting are: 
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 Season: For the purpose of considering seasonal variations and 

demand patterns in this study, the climate of India is broadly classified into 

two seasons: Summer season (March-June), Non-summer season (July-

January). To study the impact of seasons on usage and accuracy of the 
model, season is used as an attribute .0 is used for non-summer months, and 

1 is used for summer months. 

 Temperature: In this study, recorded half-hourly temperature 

data from government website has been taken to study the impact on 
forecasting as residential electrical appliances usage like fans, AC, water 

heaters mainly depends on temperature variations in a day. 

 Hour of the Day: Hour of the day is an important attribute to 

while forecasting load consumption, especially when the time of the day 
pricing is considered for residential customers. This feature is considered to 

study the power consumption variation pattern in each house during different 

hours of the day. 

 Day of the Week: This factor is used to detect the usage pattern 

variation during different days of a week. Numbers 1 to 7 are used to 
represent Sunday to Saturday in a week. 

 Month: Month is considered as a factor to reduce the possibility 

of making prediction errors with seasons and temperature.1 to 12 is used to 

represent months from January to December. 
 

3.3 Forecasting Technique   
 

Support vector regression (SVR), a machine learning approach, is used 

for modeling individual electricity forecasting. 

Support Vector Regression (SVR): SVR is a category of Support Vector 

Machine (SVM) for regression but predicts real values rather than a class. 
SVR model was proposed in 1997 by Vapnik, Steven Golowich, and Alex 

Smola [24]. Thus the basic idea of SVR based on the principal of maximal 

margin is to consider the prediction as long as the error εi is in within a 
certain limit. 

       Thus the  main objective is finding  a function  f(x) that deviates 

from target yi by a value less than ε for each training point x. This type of 

function is often called – epsilon intensive – loss function. The relationship 
between inputs x1, x2, ..., xn and output y is determined as:  

( ) , ( )ty f x x b
                                                       (1) 

where  denotes the weight vector controlling the smoothness of the 

model, and b is biased, illustrating the separation between the hyperplane and 

the origin (0,0). φ(x) denotes a features mapping that converts the features x 
into a high-dimensional feature space. The regression can also be penalized 

using a cost parameter or penalty parameter C to avoid deviations larger than 

ε thus avoiding over-fit.  
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SVR provides high flexibility to the user in terms of variables 

distribution, independent and dependent variables relationship and penalty 

term control. To construct a model using SVR, user need to choose an 
appropriate Kernel functions which is little tricky and needs optimization 

techniques for the best kernel function selection. The commonly used kernel 

functions are: a) Linear, b) Polynomial, c) Sigmoid and d) Radial Basis. Thus 

optimization problem in eq(1) can be solved more easily in its dual 
formulation by using Lagrange multipliers. Hence the objective function f(x) 

can be obtained as: 

1

( ) ( ) ( , )
n

i i i

i

f x k x x b

                                                               (2) 

Where 
( , )ik x x

 is a Gaussian Kernel function. Forecast evaluation metrics 

focus on error calculation. In this study, to determine the prediction accuracy, 
error metrics RMSE, NRMSE, R-squared are used. 

 Root Mean Square Error 

 

RMSE=

2

1

ˆ
n

i i

i

y y

n                                                                             (3) 

 Normalised Root Mean Square Error 

 

NMRSE=
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n y
                                                                        (4) 

 R-squared is a statistical measure of how close the data are to the 

fitted regression line. 
2

2

2
1

ˆ

i i

i i

y y
R

y y
                                                                                 (5) 

where yi is observed load at hour i, ŷi is the forecast of yi, ȳ i  is the mean 

value of  yi. In practice, a forecast model that yields low RMSE and NRMSE 
is considered as a best forecast model. 

 

3.4 Forecast Model 
 

A model for Individual half-hourly meter-level load forecasting for 

residential customers of India for all the days in a year is developed by using 

machine learning algorithm-Support Vector Regression (SVR). The features 
discussed in sec 3.2 are added to the synthetic data set of energy 

consumption.  
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A random sampling of data is used in which 80% of data is used for 

model training, and 20% is used for testing for each house. The forecast 

model was trained for each house separately, giving them unique regression 
coefficients. This SVR model is implemented using Python language. 

Different parameters combinations to form different model configurations, to 

choose best parameters is performed to attain good accuracy with different 
iterations. Different parameters used in this model development are the RBF 

kernel, penalty factor C, degree.  

 

4 Results and Discussions 
 

The proposed model has been implemented on 9 houses. These 9 
households' consumption dataset represents general consumption patterns of 

residential customers in semi-urban areas of AP state. Based on the 

generalized appliances ownership and consumption pattern of residential 
customers of Andhra Pradesh state in India, synthetic data of individual 

smart meters for one year has been created for 9 houses on half-an-hour 

granularity. Considering the quite large geographical area of India, a state 

like Andhra Pradesh (AP), where smart meter installations are planned in the 
near future, is considered for analysis and modelling in this study. Figure.2 

shows actual and prediction of half-hourly energy consumption for 8 months, 

including a few summers and non-summer months of House 4, the highest 
consumption house. It can be observed that the curve showing the prediction 

follows the actual usage most of the time, except for several peaks and very 

low usage hours due to the random variations for an individual home user.  

 

 
Figure 2: Half-hourly prediction vs Actual Consumption for 8 Months of House 4 

 

Table 1 shows prediction accuracy evaluation metrics for all houses.H9, 
which has the lowest consumption amongst all houses, has the lowest RMSE 

of 0.044, and H4 has the highest RMSE of 0.2042 and is the highest 

consumer amongst all. 
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All the households exhibit acceptable prediction accuracy with RMSE 

(<0.3) and NRMSE. All the houses have R
2 

score >0.9 except H7, which 

shows that model fits the data.  
Table 1: Evaluation Measures of 9 Houses using SVR 

HOUSE RMSE MAE NRMSE R
2 

score 

1 0.1183 0.0472 0.0391 0.9499 

2 0.0778 0.0376 0.0418 0.9424 

3 0.1733 0.0951 0.0517 0.9285 

4 0.2042 0.098 0.0458 0.9352 

5 0.1204 0.053 0.033 0.9371 

6 0.123 0.061 0.0348 0.9605 

7 0.179 0.0789 0.0543 0.8293 

8 0.0885 0.0337 0.0497 0.9356 

9 0.044 0.0156 0.0334        
0.9632  

The flowchart in figure 3 shows the workflow of the whole process, 

which involves individual load forecasting, individual and comparative on-

peak hour load data analysis, and classification of customers from the utility 
point of view to identify high on-peak hour usage customers. 

 

 
Figure 3: Workflow of Forecasting, Load data analysis, Customer classification 
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4.1 Load Data Analysis 
 

In this discussion, an individual and comparative analysis are done for 9 
houses based on forecasted data regarding their consumption patterns during 

peak hours. The load data analysis can provide load demand characteristics, 

help to understand consumption patterns, to identify households contributing 
most to the utility peaks, and to give feedback to small electricity users. This 

kind of information will be advantageous when developing load management 

strategies, appropriate pricing schemes, new energy services, and demand 
response programs at the domestic level. In order to show the intention of the 

work where load analysis of individual residential meter level forecasted data 

can be used for different peak demand reduction programs, proposed peak 

hours for residential customers, as shown in Table 2 that are based on typical 
All India daily load curve as shown in Figure 4 are considered for further use 

in this work.  

 
Figure 4: Typical All India Load Curve 

 

For the purpose of considering seasonal variations and demand patterns 

in this study, the climate of India is broadly classified into two seasons: 
Summer Season (March-June), Non-summer season (July-February). 

 
Table 2: Proposed TOU On-Peak Hours 

 
 

4.1.1 Individual Load Data Analysis 
 

Figure 5 illustrates actual and the prediction of half-hourly energy 

consumption values obtained by the SVR model for house 5, for a week for 
one non-summer month, say January and one summer month, May.  
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From Figure 5, it can be observed that House 5 Weekend (Sunday) 

consumption is high compared to weekdays for both the months. From the 

predicted data, on-peak hour consumption is analyzed for House 5 for both 
the months. Figure 6, Figure 7 shows half-hourly predicted and actual 

consumption during morning and evening on-peak hours for all days in a 

week for January, May. Monthly On-peak hour consumption is obtained by 

summing half-hourly predicted load during On-peak hours that can be 
obtained using eq (6), eq (7) for all the days in a month. From the study, 

based on typical all India load curves, proposed on-peak hours are mentioned 

in Table 2.  

10:00 20:00
IC IC ICd on peak e ej i ij ji 07:00 i 18:00                  (6) 

10:00 20:00
IC IC ICd on peak e ej i ij ji 07:00 i 18:00                                        (7) 

Where i=hour of the day, j=day of the month, 
ICd on peak j

represents 

Individual daily on-peak Consumption of j
th 

day and 

ICei j
represents 

Individual electricity Consumption at i
th
 
 
hour of j

th
 day of a month. 

 
(a) 

 
(b) 

Figure 5: House 5 Half -hourly Prediction vs Actual Consumption for a Week: (a) 

January, (b) May 
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Total monthly on-peak consumption at the Individual level is obtained by 

summing daily consumption during on-peak hours of an individual for n days 

of a month, given by eq (8), and total monthly on-peak consumption at the 
Utility level is obtained by summing monthly individual on-peak 

consumption of all houses for all the days in a month as shown in eq (9). 
n

IC ICm on peak d on peak j
j 1                                                              (8) 

z
UC ICm on peak m on peakh

h 1                                                           (9) 

Where 
ICm on peak  represents total monthly on-peak consumption at 

the individual level and 
UCm on peak   represents total monthly on-peak 

consumption at the Utility level, h =1,2,….Z represents the number of 

houses. Individual total monthly electricity consumption is obtained from eq 
(10). 

n
IC ICme dej

j 1                          (10) 

where 
ICme  represents Individual monthly electricity consumption and 

ICdej
represents Individual daily electricity consumption for j

th
 day of a 

month that can be obtained from eq (11). 
23:59

IC ICde ej i ji 00:00                                                                                 (11)  
Figure 6, 7 shows the actual and predicted consumption of house 5 

during morning and evening peak hours for a week in January and May 

months. 

 
(a)                                                             (b) 

Figure 6: House 5 Morning On-Peak Hour Actual vs. Prediction Consumption for a 

Week: (a) January, (b) May 
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From figure 6, 7, it can be observed that weekend (Sunday) on-peak hour 

consumption is less compared to weekdays for both the months. On the other 

hand, morning on-peak hour consumption is less compared to evening on-
peak hour consumption on weekdays for both the months for house 5. 

In order to analyse and compare individual customer's electricity 

consumption during peak hours to total electricity consumption for a month, 

individual monthly on-peak% is obtained, as shown in eq (11). 

 
Figure 7: House 5 Evening On-Peak Hour Actual vs. Prediction Consumption for a 

Week: (a) January, (b) May 

 

Individual monthly total on peak consumption
Individual monthly on peak% of each house

Individual monthly total electricity consumption

 
ICm on peak

Im on peak%
ICme                                                                  (12)                                             

Thus, House 5 for the month of January having predicted monthly 

consumption of 586.68 kWh, on-peak hour units of 197.25 kWh, off-peak 

units of 389.43 kWh, this house will have individual on-peak % from eq (12) 
of 33.62%, which indicates moderate on-peak hour consumption to the total 

consumption.  

 

4.1.2 Comparative Load Data Analysis 
 

Comparative load data analysis is performed to analyze the contribution 

of each house to the total consumption of all houses during peak hours at the 
utility level. For this, utility monthly on-peak % is calculated for each house 

shown in eq (13). 

 
 

 

 



                                                                                                                  
 

 

 
 

 

 
5414 G.Swathi et.al 

 

Individual monthly total on peak consumption
Utility monthly on peak% of each house

Total monthly on peak consumption of 9 houses

ICm on peak
Um on peak%

UCm on peak                                                                          (13) 
House 5's on-peak hour contribution to the total on-peak hour 

contribution of all houses for January is 8.5% and for May is 6.6% from eq 

(13). Table 3 shows individual on-peak % of each house from eq (12) and 
utility on-peak % from eq (13), which is the ratio of each house on-peak units 

to total on-peak units of all houses at utility level for January month.  

 
Table 3: Individual and Utility On-Peak% of 9 Houses for a Non-Summer Month-

January 

House Predicted 

Total Units 

On-peak 

units 

Off-peak 

units 

Individual 

on-peak% 

Utility 

on-peak% 

Class 

1 465.9236442 234.732 231.191 50.38 10.1 High 

2 405.6704932 173.747 231.923 42.83 7.46 Low 

3 789.019862 426.019 363 53.99 18.37 High 

4 977.5876713 456.052 521.536 46.65 19.6 High 

5 586.6831678 197.259 389.424 33.62 8.5 High 

6 701.2980956 331.61 369.688 47.29 14.3 High 

7 514.4510078 188.824 325.627 36.7 8.1 Low 

8 336.4001289 171.599 164.801 51.01 7.4 Low 

9 277.9999409 138.229 139.771 49.72 5.9 Low 

 

Thus, from Table 3, it can be observed that House 3 has the highest 
individual on-peak% of 53.99%, which indicates that nearly 54% of monthly 

electricity consumption was during peak hours of the day and hence there is a 

high possibility to get high monthly bills for that month with TOU tariff 
whereas House5 has lowest on-peak% and hence there is a possibility of 

good savings. Whereas utility on-peak% helps to identify customers who are 

causing more on-peak demand at the utility level. From table3, it can be seen 
that House4 has the highest on-peak hour demand at the utility level with 456 

kWh, followed by House3. Even though individual on-peak% of house4 is 

less than house3, house4 on-peak demand is high at the utility level 

compared to house3. Also, house9, with the lowest utility, on-peak% has 
high individual on-peak% compared to house4. Thus, individual on-peak% 

helps to educate each customer about their own on-peak consumption and 

effects of TOU on their monthly bill. On the other hand, utility on-peak% 
helps to identify customers who are contributing more to the on-peak demand 

at the utility level.  
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This helps to implement different Demand Side Management 

(DSM)programs. This kind of analysis can be done ahead for each house on 

different granularities (hourly, daily, weekly, monthly, yearly) based on 
forecasted data to understand their consumption patterns and to educate them 

about the changes they can make in their consumption to reap benefits and 

for the implementation of DR. In the present work, month-wise analysis is 

done as electricity bill is given for a month and hence the customer can easily 
understand their month ahead consumption analysis and can plan coming 

month consumption based on the analysis. 

By classifying customers into different classes, it may be easy for the 
utility to identify high contributing customers to the total on-peak hour 

consumption at the utility level. This may help the utility to plan actions to 

reduce peak demand and to implement different DSM programs. Here in this 
work, classification of houses is done based on the 50

th
 percentile of utility 

on-peak %. Customers are classified into 2 classes like High (≥50
th

 

percentile), Low (≤50
th
 percentile). This classification can be performed for  

all the houses and for all the months based on predicted data. Here 50
th

 
percentile of on-peak hour consumption is taken as a cut-off to easily identify 

customers who are contributing more than 50% to the total on-peak hour load 

at the utility level during on-peak hours.     
In this work, a machine learning algorithm, a Support vector classifier, is 

used to perform classification. A Support Vector Machine classifier [25] is a 

discriminative classifier formally defined by a separating hyperplane. In 

other words, given labeled training data (supervised learning), the algorithm  
outputs an optimal hyperplane that categorizes new examples.  

For the month of January, as shown in Table 3,50
th
 percentile of utility, 

on-peak % is 8.5%. Based on this cut-off, houses (H1, H3, H4, H5, H6) fall 
in High class with utility on-peak% greater than or equal to 8.5% and 

houses(H2, H7, H8, H9) in Low class with utility on-peak% less than 8.5%. 

Thus high-class customers' total on-peak consumption is 1645kwh, which is 
71% of total utility on-peak. This can be done each month to identify 

different classes of customers. Figure 8 shows the on-peak hour consumption 

of each house to the total on-peak hour consumption of 9 houses, month-

wise, based on predicted data. 
Thereby, with the carried-out analysis and classification, it is easy to 

identify residential customers contributing more to peak demand and can be 

concentrated more to change their on-peak hour consumption pattern, to plan 
different awareness programs or tariffs that may peak demand reduction 

successfully at semi-urban or urban places of India in the real-time scenario. 
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Figure 8: Contribution of Each House to the Total On-Peak Hour Consumption 

Month wise 

 

5 Conclusion 
 

In India, where the power sector moves towards smart grid technology 

and smart meter installations are in the progressive stage, there are wide 

options for Demand Side Management programs. This work mainly focuses 
on predicting individual residential customer's smart meter data and 

analyzing the predicted data to study the coincidence of customer's demand 

with system peak demand. Forecasting is done using machine learning SVR 

model with different features like temperature, season, an hour of the day, 
month, day of the week, etc. Good accuracy is achieved for all the individual 

houses, which proves that model provides good prediction. As India is in the 

nascent stage in smart grids and smart appliances usage, rather than 
Automated Demand Response, educating a customer about his consumption 

may help to reap benefits in programs like Demand Response. This may help 

the individual customer to understand his consumption pattern ahead and 

make good savings when TOU tariffs are implemented, which the electric 
sector is planning to implement for the residential sector in the near future in 

India. Also, to easily identify customers who are contributing more to the on-

peak hour consumption at the utility level, classification of customers into 
high, low class has been performed using Support Vector Classifier based on 

their on-peak hour contribution to the utility. Feature selection has been 

performed to identify the important features of the classification. As this 
analysis to involve the customer in DSM programs for peak demand 

reduction is mainly based on individual predictions, a better prediction model 

can be achieved by considering additional features like Indian festivals, 

which vary in different states.  
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To show the essence of the work, On-peak hours are proposed based on 

the all-India load curve. Better performance can be achieved when proper 

real-time timings are obtained. Future work will explore the possibilities of 
considering features like appliance changes, if any, by the individual 

customer to improve the predictions. 
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