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ABSTRACT 
 
Forecasting the electricity demand has been the key task to reach the long-term goals of 
European Union. Inadequacy of accurate measurement of electricity demand which further 
causes the under generation or over generation of electricity and may also results in huge 
investments on energy resources. Predictive analysis and time series forecasting methods are 
used to overcome these difficulties. The aim of this paper is to short-term forecast the electricity 
demand using the seasonal auto-regressive Integrated moving average (SARIMA) and compare 
the results with the Multi-layer perceptron (MLP) model. The half-hourly dataset of London 
city is used for analyzing the electricity demand which is collected from UK power networks 
along with weather and holidays in the same city from November 2011 to February 2014. The 
forecasting plots has made based on the maximum, minimum and average consumption and 
then compare the mean absolute error (MAE), mean absolute percentage error (MAPE), mean 
square error (MSE) and root mean square error (RMSE) of SARIMA with the MLP model. 
During the evaluation MLP outperformed the SARIMA model and the prediction graphs are 
displayed using User Interface. 
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CHAPTER 1: INTRODUCTION 
 

Energy demand forecasting is a very critical concern for public sector foundations 
relating to government and energy. The need for planning by the government, particularly for 
future investments, is for such importance. Because of predictive analysis, with highly 
promising results we are able to forecast the electric demand of tomorrow. The companies can 
advance in this way in field of energy sector. Precise forecasting is avoided under or over 
generation. Modeling energy usage of electricity is helpful in preparing power grids for 
generation and distribution. Precise load forecasting can also contribute to overall cost savings, 
improved preparation, maintenance scheduling and fuel management. A distribution grid 
operator makes use of enhanced demand forecasts to maintain stability between power grids 
with high distribution of renewable energy. The goal is to efficiently maintain power supply 
and demand in the grid, and to reduce the need for additional reserves of energy. The production 
of solar energy and wind energy would contribute to unprecedented volatility in the price of 
energy and to increased market instability. Accurate predictions result in significant operational 
and maintenance cost savings, improved power supply and distribution system reliability, and 
accurate decisions for future growth. 

 
In this study we use publicly accessible data based on machine learning algorithms to 

develop forecasting models for electricity demands. It measures accuracy using various 
measurement criteria widely used in analysis and regression of the time series. The data is made 
up of various calculations and findings relating to the electricity market. This research is 
focused on the city of London with the huge dataset of half-hourly electricity recordings 
collected from UK power networks. These data have been previously used in various 
forecasting applications. However, they have not been employed in machine learning models 
as attempted in the present study. The forecasting tools, in particular seasonal auto-regressive 
integrated moving average (SARIMA) have been used for comparison with the Multi-layer 
perceptron (MLP) model. The predictors are partitioned into training (80%) and testing (20%) 
subsets to construct the forecasting models. these models are assessed using statistical metrics. 
 

1.1 Background 
 

The European member states must procure at least 20 per cent of their energy from 
renewable sources by 2020 in compliance with the 20-20 goals. UK government aimed to 
generate 30% of electricity from renewable sources and 40% from low carbon content fuels by 
2020. During the European financial crisis, Europe’s consumption of electricity shrank by 5% 
and Britain’s trade deficit was reduced by 8% due to substantial cuts in energy imports. In 
2018, the United Kingdom was ranked 6th in the world on the environmental performs index. 
Germany even strives for 80 percent by 2050.  

 
In London, the number of migrants increases exponentially each year because of the 

various opportunities in different fields. They currently have very little ability to survive the 
long-term. The number of people on the rise per year is directly proportional to the amount of 
resource consumption. If we keep wasting the sources at the same pace, then our next 
generation will have to ask from other countries for the sources. I chose my research to help 
the government forecast the demand for electricity in advance to prevent this devastation. 
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Figure 1: Architecture of ANN to forecast electricity 
 

 

1.2 Motivation 
 

I always fascinate about the amount of electricity consumed every day at home which 
can bring down the wastage of electricity and bills from my undergraduate level. This 
postgraduation in Data Analytics help me in understand the process of predicting how much 
electricity a normal household consumes and how much amount of electricity government 
needs to produce for the future. The major factors like season, weather and holidays been a real 
challenge to implement into the research and it is always an interesting point, which motivated 
towards creating a real-time solution with the help of this thesis. 

To capture non-linear relationship between the variables and the load has been a major 
challenge because it is unstable in time and depends heavily on the period of year, day of the 
week, hour of the day and other variables. The Multi-layer perceptron of Neural networks 
results will be compared with the seasonal auto-regressive model and the best performance 
model will be chosen. 

 

1.3 Research Questions 
 

• How the machine learning algorithms help the factors affecting consumption of 
electricity? 

• Which month/season of the year consumes more electricity? 
• For the short-term prediction, which machine learning algorithm gives better 

accuracy?  
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1.4 Objective 
 
The objectives of this project are: 
 

• To review the background of machine learning in the field of electricity consumption 
and to determine the researches performed in forecasting the electricity demand and 
analyze their results. Also, to find the gaps in the earlier researches and select an 
algorithm by comparing the baseline time series approach with the neural networks. 

• To choose the best algorithm for forecasting the electricity demand. Also, to analyze 
the results of ARIMA model and MLP model on the basis of statistical metrics such as 
MAPE, MAE, MSE and RMSE. The best performing model is used for the further 
research. 

• A user interface is developed based on the best performing model and displays the 
forecasting graphs. 

1.5 Research plan 
 
The step-by-step research plan as follows: 
 
Chapter two, explore the previous research papers to analyze the models which give the better 
accuracy for forecasting the electricity demand and choose the model to compare with the novel 
algorithm. Also, create a summary table for better understanding the problems they are facing, 
models using and the gaps in their research. 
 
Chapter three, Methodology describes the stages of the research such as Dataset introduction, 
Hypothesis, Business understanding, Data understanding and Data Preparation with respect to 
the forecasting electricity demand.  
 
Chapter four, Implementation and Modelling consist of plan of action on the selected dataset. 
The ARIMA/SARIMA is used on data to forecast the demand with the factors weather, season 
and the holidays for better prediction accuracy. 
 
Chapter five, Evaluation have the testing part of the data based on the statistical evaluation 
metrics such as Mean Absolute Percentage Error (MAPE) and Mean Absolute Error (MAE) 
which will be compared between the ARIMA model with the MLP model and chosen the best. 
 
Chapter six, Conclusion and Future work will conclude the research with the best model from 
the evaluation and results achieved. The future work discusses the branches to explore this 
research further or to create a new method to which gives better results than this model.  
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The Research Plan is as follows: 

 
Figure 2: Research plan used for this Project  
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CHAPTER 2: LITERATURE REVIEW 
 
Over recent decades a multitude of academic papers on this subject have been published. This 
may be due to the fact that predicting electricity demand is gaining traction in the field of 
energy economy. In light of this research's main thrust [2]. 
 
Ringwood et al., [1] has done the research on neural networks as a time series modeling method 
for electricity forecasting and showed some of the advantages and disadvantages of neural 
network implementation. They used the dataset supplied by the Electricity Supply Board (ESB) 
in Ireland. They employed the gradient technique with back propagation in the training stage 
of the neural network algorithm. They also tested the Lervenberg-Marquardt algorithm and 
Monte-Carlo algorithms for fastest computation; after analysis, neural networks were found to 
be more versatile in all cases, and computational speed was also good. They train the single-
step performance network and analyze multi-step performance during training. They concluded 
that the ANN model is doing better in deep learning than other network models. 
 
Taylor JW [2] from university of Oxford has written a paper on short term electricity demand 
forecasting using double seasonal exponential smoothing i.e. from half-hour-ahead to a day-
ahead. They have used the seasonal ARIMA method and adapted Holt-Winters exponential 
smoothing formulation to accommodate two seasonality’s. This paper proves that the time 
series of two seasonalities is adapted by Holt-Winters model which in early stage can 
accommodate only single pattern. The resulting forecasts for the new double seasonal Holt-
Winters method outperformed those from standard Holt-Winters and also those from a well-
specified multiplicative double seasonal ARIMA model. 
 
Cuaresma et al., [3] has written the paper detailing an hour-by-hour modeling approach for spot 
electricity prices was discussed. They included the autoregressive models, autoregressive 
moving average models and unobserved component models to forecast the electricity spot 
prices. Each hour of the day is modelled separately present uniformly better forecasting 
properties than the whole time-series. They have collected a total of 11,688 observations of 
hourly LPX electricity spot-prices in Euro per megawatt are available from the data market of 
Germany. The future research can involve accounting for more sophistication in the statistical 
model by studying the forecasting properties of electricity spot-price models. 
 
Imtiaz et al., 2006 [4] has proposed a paper based on long-term electricity consumption for 
Malaysia by using multivariate regression analysis. The main aim of this paper is to develop a 
statistical model and testing it by using past year data to understand its accuracy. The data is 
collected from various editions of Malaysia power Centre and Malaysia energy commission 
for statistics of electricity supply industry in Malaysia. They left the further work to be done to 
make more accurate forecast by using polynomial regression technique and using their best fit 
polynomial curve for the prediction with minimum value of standard deviation. 
 
James W. Taylor [5] has presented a paper again with the advancement of the triple seasonal 
methods for short-term electricity demand forecasting in the year of 2010. With the help of 
double seasonal ARIMA, Holt-Winters exponential for double seasonality and other 
exponential smoothing method they compare the models with recent empirical studies. Six 
years of British and French data is used to predict the demand of electricity next day. The three-
seasonal methods exceed the double seasonal process and also the univariate neural network. 
They have used MAPE, MSE and MAE for evaluation of two methods and compared the 
results. They concluded that ARIMA have the disadvantages of requiring substantial 
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specification and a more demanding optimization due to the far larger number of parameters 
than Holt-Winters method. 
 
Han Lin Shang [6] has presented a paper on functional time series approach for forecasting 
very short-term electricity demand using seasonal univariate times series method and 
regression techniques. They presented a non-parametric boot-strap model to update prediction 
intervals and compare with some naïve methods. The half-hourly data is collected in south 
Australia from 6 July 1997 to 31 March 2007. They predicted the half-hourly electricity 
demand for entire week in south Australia. The main contribution of this paper is to put forward 
functional methods and apply them to very short-term electricity demand forecasting. The 
further research may carry out by adding additional features like temperature, seasonality and 
holidays. 
 
Shu Fan and Hyndman [7] has done research on Forecasting Electricity demand in Australian 
national electricity market. They are concerned with the prediction of hourly, daily, weekly 
and annual values of the system demand and peak demand. They used a novel model approach 
Monash Electricity Forecasting model (MEFM) to forecast the probability distribution of 
annual and weekly peak electricity demand and annual energy consumption for 5 regions in 
Australia. Their results concluded that there is a new way to learn the forecasts as a range of 
possible outcomes each with associated probabilities of occurrence. 
 
De Felice, Alessandri and Ruti [8] has done research on the electricity demand forecasting over 
Italy using numerical weather prediction (NWP) models with the aim of studying the influence 
of temperature. They used two types of data, electricity demand and weather data. They have 
collected the daily load data of June and July for about six years with the naïve predictor. The 
results are analysed both at national level and at regional scale. With the use of weather data 
provided by the NWP models, they found that electricity is heavily influenced by temperature 
in hottest areas in Italy. The ARIMA/ARIMAX models have been used for training the 
electricity load data of eight different regions and one entire national aggregate. 
 
Holger Ziekow et al., [9] has done research on the potential of smart home sensors in 
forecasting household electricity demand. They have used support vector machines and neural 
networks to evaluate the use of disaggregated smart home sensor data for household-level 
demand forecasting. The 30 days high-resolution data from 3 private household have been used 
as their dataset. They executed the trail project of collecting electricity load with the help of 
ZigBee sensors which were installed between power sockets and electrical devices in the 
private houses. Finally, they concluded that to forecast 15- minute average demand, it makes 
sense to use data in 1-minute resolution and for the 1-hour demand forecast, lower sample 
intervals than 15 did not lead to improvements.  
 
De Felice, Alessandri and Catalano [10] has published a research paper on seasonal climate for 
medium-term electricity demand forecasting. They found the relationship between average 
temperature patterns over Europe and Italian electricity demand using both a linear and non-
linear regression technique. They used the retrospective forecasts of seasonal climate data 
produced by ECMWF and the electricity data by TERNA. The results for the short-term 
prediction shows SVM performance is better than the linear model and where the linear 
regression leads to higher correlation coefficients. They left the future to work on the winter 
period. 
 
Bhowte Y.W[11] has done research on Forecasting the load of demand and supply of electricity 
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in India. The main goal of this paper is to determine the market volatility in the demand and 
supply chains of electricity in Nigeria using Garch model and Harvey logistic model. They 
have collected the 36 years of data from National Bureau of statistics. They have used two 
different models in this paper, Garch model is used for training the data and Harvey Logistics 
model to predict the demand and supply. This research helps India to set a target of achieving 
overall renewable energy and provides immense opportunities in power generation, 
distribution, transmission and equipment. 
 
Wang and Lai [12] has proposed a Hybrid model to achieve the monthly electricity demand 
forecasting. They integrated the neural network algorithm with the genetic algorithm (GANN) 
to achieve better accuracy. With the help of this novel approach, they overcome the difficulties 
caused by the Neural networks and develops the monthly electricity demand forecasting model 
to predict the future electricity demand for energy management. They concluded that the 
further work can be done using the real data from private enterprise and different algorithms. 
 
mashud Rana, Irena koprinska [13] has Operated on short-term forecasting of advanced 
wavelet neural networks for electricity charging in Australia. They used the entropy cost 
function to pick the best wavelet and test for one step and multi-step ahead predictions using 
the Australian and Spanish datasets. For their study, they adopted a step-by - step Advance 
Wavelet Neural Networks (AWNN) protocol. All the data is divided into three instruction, 
evaluation and testing groups sub-sets. 70 percent of the data is generated for training and 30% 
for validation and testing of the remaining dataset. Considered as MAE and MAPE the two 
basic assessment scales. In conclusion, he reported his errors for Australian data as 
MAPE=0.268percent and the Spanish data as 1.716percent. 
 
Kantanantha and Runsewa [14] has published a paper to forecast the electricity demand in 
Thailand. The main purpose of this paper is to reduce the inventory cost of the imported coal 
based on monthly electricity demand data of four years using additive and multiplicative 
decomposition models and additive and multiplicative Holt-Winters models. the total data of 
72 months, in which first 60 months data is used for training the model and the next 12 months 
are used for testing the model. The forecasting accuracies are measured by mean-absolute 
percentage error and chosen multiplicative decomposition model as best because of its 
simplicity.  
 
Camurdan and Ganiz [15], the energy demand forecast in turkey has been suggested using three 
separate machine learning algorithms, such as decision trees, linear regression and random 
forest. In the beginning they used 56 different features, and the goal was to increase the forecast 
of electricity demand by extracting features.  The progress rate was reached then from 86% to 
98%. MAPE (Mean Absolute Percentage Error), R Square, MAE (Mean Absolute Error), MSE 
(Mean Squared Error) were used to evaluate results accuracy. They estimated a 1.4 percentage 
error in electricity demand with a random forest model. 
 
Mohanad S. Al-Musaylh et al.,[16] has proposed a paper based on 0.5h and 1h data of the 
Queensland Australia to forecast the short-term electricity demand with the help of MARS, 
SVR and ARIMA models. They have collected three years data from the Australian energy 
market operator. During their research in comparing these models, MARS and SVR 
outperforms than the ARIMA model with the lowest error rate and they considered these are 
more suitable for short-term forecasting in Queensland Australia. Their study found that the 
MARS models provide a powerful, simple and fast forecasting framework when compared to 
the SVM models. 
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Fiot and Dinuzzo [17] has explored the application of Kernel-based multi-task learning 
techniques to forecast the demand of electricity measured on multiple lines of a distribution 
network. They adopted the 536 days of data from 6435 smart meters by Irish commission for 
Energy Regulation (CER) which contains the half-hourly data of residential customers and 
small-to-medium industrial sites. Their method achieves 4% of MAPE but the recent studies 
achieves around 3% which is a problem to them as neither regressive terms nor accurate 
weather forecasts are available. 
 
Akarslan and Hocaoglu [18] has conducted a survey on one of their college campus micro-grid 
which has different types of building to predict the short-term electricity demand using 
Artificial Neural Networks. The data (2015) is used for training and the rest of 5 months in 
2016 data is used for testing which is an hourly based data. They have achieved their aim by 
using the artificial neural networks on load forecasting of a real micro-grid. They concluded 
that the further work can increase the accuracy of forecast by including the temperature, 
humidity and other meteorological parameters. 
 
p chen et al., [19] Had constructed a time series temperature forecasting using SARIMA. They 
examine the mean monthly temperature in China from 1951 until 2017 in that article. He then 
split his entire data into the training and testing data and then compared various models to 
determine the accuracy, and the mean-square error (MSE) is also measured. Data from 1951 to 
2014 is used as training set and the data from 2015 to 2017 is used as testing set. They first 
used the Box-Jenkins method to measure the ARIMA and then added the seasonal components 
to ARIMA, which transforms into SARIMA model.  they concluded that SARIMA model can 
be used to forecast future values and their test also avoids the overfitting and the under fitting.  
they got very low mean square error of 0.89.  Their model is based on 35 years of historic data 
and predicts the long-term of next 36 months. 
 
pengchang zhand et al.,[20] carried out studies on the prediction of short-term rainfall using 
Perceptron multi-layer. They suggested a novel approach using MLP called Dynamic Regional 
Combined Short-Term Rainfall Predictions (DCRF). They used Principle Component Analysis 
(PCA) in the first part to reduce the dimensions of his data's thirteen physical variables, and in 
the second part they applied a greedy algorithm to decide MLP 's structure. They collected data 
from China's 56 real world meteorology sites and compared DRCF with atmospheric models 
and other approaches to machine learning. DRCF is improved with many complex techniques 
to solve the clutter disturbance that is induced by the expansion of the perception spectrum. 
They concluded that DRCF exceeds methods other than those used in calculating the hazard 
score (TS) and root mean square error (RMSE). 
 
Nyoni and Thabani [21] Developed on energy forecasting for Zimbabwe for the next decade. 
Their research goals are to examine the trends in electricity consumption in Zimbabwe over a 
period, build a reliable model for forecasting electricity demand for Zimbabwe based on the 
Box-Jerkins ARIMA technique, and project electricity demand in Zimbabwe over the next 
decade. They concluded that ARIMA model is the better methodology for modeling and 
forecasting electricity demand than ANN's, MLR. Their study focuses primarily on the 
prediction of long-term electricity demand for Zimbabwe and is apparently focused on 44 
annual measurements of electricity usage in terms of kWh per capita derived from the online 
database of the world bank. 
 
  



 15	

In 2019 Zhang and Guo [22] developed a novel method for hourly electricity demand 
forecasting. They also developed hybrid method-based support of meteorological factors for 
vector regression. The key aims of this paper are: the input used in this is the specific ratio 
value combination of each characteristic parameter affecting the hourly electric charge, SVR 
was used to evaluate and establish a load forecasting model, then an improved adaptive genetic 
algorithm (IAGA) was used to optimize the specific ratio value combinations of each 
characteristic parameter. They worked on fuzzy logic inference theory, ANN and SVR and 
found that comprehensive methods could provide real-time forecasting of hourly-electricity 
demand were employed. Their proposed IAGA performed better than the other models with 
good results. 
 
Hmeda Musbah and Mo El-Hawary [23] Used the integrated moving average seasonal 
autoregressive (SARIMA) model to forecast short-term electric load results. Because of the 
weather conditions influencing the electrical data, they represented their data in the do-main 
frequency range which will indicate the exact seasonal period. They took a year for short-term 
forecasting of the load results.  They found that the seasonal aspect is easily defined through 
visual inspection of graphing techniques such as the run sequence plot, the seasonal sub-series 
plot, multiple box plots or the autocorrelation plot. Using SARIMA model, they used to 
forecast the time series of electrical load data a week before and most of the forecast data fell 
into a confidence interval of 95 per cent. 
 
kaushik, A. and Oyiwona, A. [24] He had studied the FOREX market forecasting exchange 
rates using machine learning algorithms and deep learning. They carved a path through a deep 
learning algorithm and used Multi-layer-perceptron (MLP) to predict the time series through a 
single hidden layer feed forward network. In machine learning ARIMA was used as a 
forecasting technique.  Several conventional forecasting models such as naive model, ARMA, 
ARIMA, Box-Jenkins methodology, exponential smoothing, RBF, MLP and SVM were 
rigorously investigated. They measured all the measurements depending on the scale, 
percentage-based and relative-based errors and concluded that the SVM and MLP hybrid 
model provided the higher predictive accuracy than the conventional time series models. 
 
 

2.1 Summary table of literature review: 
 

Table 1: summary table of literature review 
 

Author(s) Title Study Aims & 
objectives 

sample Data Analysis 
Method 

Findings relevant to 
review 

Ringwood et al., 
[2001] [1] 

Forecasting 
electricity demand 
on short, medium 
and longtime 
scales using neural 
networks [1] 

To forecast the 
demand of 
electricity 
weekly, monthly 
and yearly in 
Ireland using 
neural networks  

The generous 
data produced by 
electricity supply 
board (ESB) in 
republic of 
Ireland 

Lervenberg-
Marquardt 
algorithm and 
Monte-Carlo 
algorithms are used 
in training for 
fastest computation 

They concluded that 
Artificial Neural 
Networks (ANN) 
outperforms than other 
network models in 
deep learning 

Taylor JW 
[2003] [5] 

Short-term 
electricity demand 
forecasting using 
double seasonal 
exponential 
smoothing. [5] 

Their aim is to 
predict the 
electricity 
demand from 
half-hour-ahead 
to a day-ahead 

A half-hourly 
interval of 
England and 
wales for a 
fortnight in June 
2000 is used 

The seasonal 
ARIMA and 
adapted Holt-
winters exponential 
smoothing 
formation is used 
for forecasting 

The double seasonal 
Holt-winters method 
outperformed from 
standard Holt-winters 
and also from double 
seasonal ARIMA 
model 
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Han Lin Shang 
[2012] [6] 

Functional time-
series approach for 
forecasting very 
short-term 
electricity demand 
[6] 

The aim is to 
forecast very 
short-term 
electricity 
demand using 
univariate time-
series and 
regression 
techniques 

They have used 
the half-hourly 
data of a decade 
in south Australia 
(AEMO) 

With the optimal 
ARIMA model, the 
principal 
component scores 
are forecasted. 

With the help of this 
paper, they put forward 
functional methods and 
apply them to very 
short-term electricity 
demand forecasting 

De Felice, 
Alessandri and 
Ruti [2013] [8] 

Electricity demand 
forecasting over 
Italy: Potential 
benefits using 
numerical weather 
prediction (NWP) 
models [8] 

The main aim of 
this paper is to 
forecast 
electricity 
demand over Italy 
and studying the 
influence of 
temperature 

They used both 
electricity and 
weather data as 
input. They 
collected six 
years of data with 
naïve predictor 

ARIMA/ARIMAX 
models have been 
used for training the 
load data both at 
regional scale and 
national level 

With the use of 
weather data provided 
by the NWP models, 
they found electricity 
is heavily influenced 
by temperature 

De Felice, 
Alessandri and 
Catalano [2015] 
[10] 

Seasonal climate 
forecasts for 
medium-term 
electricity demand 
forecasting [10] 

This paper 
presents the 
assessment of the 
use of seasonal 
climate forecasts 
of temperature for 
medium-term 
electricity 
demand 

The seasonal 
climate data by 
ECMWF and the 
electricity data by 
TERNA is used 
as the dataset for 
this prediction. 

During their 
analysis, they found 
that SVM 
performance is 
better than the linear 
model and where 
the linear regression 
leads to higher 
correlation 
coefficient 

They found the 
relationship between 
average temperature 
patterns over Europe 
and Italian  

Mohanad s. Al-
Musaylh et al., 
[2018] [16] 
 

Short-term 
electricity demand 
forecasting with 
MARS, SVR and 
ARIMA models 
using aggregated 
demand data in 
Queensland, 
Australia. [16] 

To forecast short-
term electricity 
demand in 
Australia 

They have 
collected three 
years of data from 
Australian 
Energy Market 
Operator 
(AEMO) 

This data is 
analyzed and 
compared with 
MARS, ARIMA 
and SVR models in 
machine learning 

They found that 
MARS and SVR 
models outperforms 
ARIMA model 

Akarslan and 
Hocaoglu 
[2018] [18] 

Electricity demand 
forecasting of a 
micro grid using 
ANN [18] 

To predict the 
short-term 
demand using 
neural networks 
of a micro-grid in 
their college 
campus 

Hourly data of 
2015 is used as 
training and 5 
months of 2016 
data is used as 
testing 

They achieved their 
aim by using 
artificial neural 
networks of a real 
micro-grid. The 
actual season, time 
and electricity 
consumption are 
inputs to predict the 
next hour demand. 

The further work can 
increase accuracy of 
forecast by including 
the temperature, 
humidity and other 
parameters 
 

p chen et al., 
[2018] [19] 

Time series 
forecasting of 
temperature using 
SARIMA: An 
Example from 
Nanjing 

To predict the 
demand of 
electricity a 
month ahead in 
the Nanjing city, 
china using 
SARIMA 

The data from 
1951 to 2014 has 
used for training 
the model and the 
data from 2015 to 
2017 used for 
testing using 
SARIMA 
techniques 

They first calculated 
the ARIMA with 
the Box-Jenkins 
method and then 
added the seasonal 
components to 
ARIMA  

They avoided the over 
and under fitting with a 
very low MSE of 0.89 
percent and forecasted 
next 36 months based 
on past 35 years of data 

 
ARIMA outperforms the Support Vector Regression, Multivariate Adaptive Regression and 
univariate time series models from the conclusion of above literature review. This paper tries 
to compare whether the Multi-layer perceptron is better than the Existing seasonal ARIMA 
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model. The Multi-layer perceptron of neural networks is used without the overfitting and 
underfitting problems. This study includes training and validating stages. Neural networks to 
train the data in training stage. In validating stage, the training results are the inputs in the 
testing data. To measure the performance of the system, Mean Absolute Percentage Error 
(MAPE) and Mean Absolute Error (MAE) is Used which can calculate the error between the 
actual and forecasted value. 
 
Based on the review of literature, ARIMA model outperforms all the regression algorithms and 
further including the seasonality, weather and holidays to give better accuracy to the model.  
The methodology part follows the CRISP-DM model to provide better understanding of 
business and data. 
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Chapter 3: Methodology 
 
Methodology is the systematic process of algorithms/methods applied to the research with the 
body of different theoretical methods. It also addresses the implementation methods that we 
adopted to make the application a completely workable solution with no big barriers to use it.  
 
There are various methodologies for data mining process to the data science. The commonly 
used methodologies among them are KDD, SEMMA and CRISP-DM. This model is of the 
same cyclical nature as KDD and SEMMA. The main difference in the construction is the 
possibility of reversing the transitions between phases. But the CRISP-DM approach integrates 
pre-processing collection (KDD) or sample exposure (SEEMA) with data comprehension and 
business understanding and deployment phases. [25].  
 
This paper follows the methodology of data mining which is Cross-Industry Standard Process 
(CRISP-DM). This process breaks into six major stages. The phase sequence is not rigid and it 
switches back and forth between various phases because it is often appropriate. 
 
 

 
 

Figure 3: CRISP-DM Process 
 
3.1 Business Understanding  
 
The first stage of the methodology is to understand the business trend and objectives of the 
project and their required solutions. To create a cost-benefit analysis for the project then 
convert this information into a description of truth mining problems and generate the strategy 
for achieving data mining goals with an initial assessment of the tools and techniques required 
to assist the project.  
 
The main aim of this paper is to forecast the short-term electricity demand using machine 
learning algorithms. This can help the companies to avoid the under generation or over 
generation of the electricity. Also, it can more effectively balance supply and demand in the 
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power grid and reduce the need for additional power. The consumption of electricity is high 
during the weekends compared to the weekdays. To get the better accuracy factors affecting 
electricity like weather, season and holidays are crucial. Most of the European countries have 
the hot summers, cold winters and wide range of annual temperatures which majorly affect the 
electricity load forecasting. The climate is inversely proportional to the electricity demand in 
the city of London i.e., Higher the temperature results the lesser in electricity consumption and 
vice versa. 
 
This can be achieved by choosing the best machine learning algorithm from SARIMA and 
MLP. The one with better performance and highest accuracy is chosen. The various fields 
where this research can be used are: 
 

• Government can avoid the over generation or the under generation and also help to 
import the necessary amount of energy from other countries. 

• Government can forecast the demand of decade ahead and take the necessary actions. 
• IT companies can create an application for the electricity supplying companies and 

maintain the data securely. 
• Electricity board can maintain the record of consumption of every household inorder to 

generate the adequate amount. 
• Customers can track their daily, weekly or monthly usage provided by application of 

electricity board. 
• Businesses and government can utilize this forecasting data to allocate the budget plans 

and tariff on usage of electricity. Also, to evolve with the changing trend in electricity 
market. 
 

This first stage gives brief understanding about the business trends in the electricity market. 
Also, discussed uses of this research in various fields and the stakeholders of this papers. 

3.2 Data understanding 
 
From the business understanding stage, trends in the market, brief understanding about the 
business field and stakeholders are determined. This stage helps to understand in detail of data 
collection and source of data for implementing the machine learning models. The section on 
data understanding is distinguished by an initial collection of information and familiarization 
with this data, including data of first class. For greater insight, the quality management tools 
can be applied here. Unlike the emphasis in six sigmas on setting up a statistical experimental 
diagram with few parameters, data mining tools in their algorithms can handle additional 
parameters. 
 

3.2.1 Data Collection 
 

The dataset considered for this research is smart meters in London from the Kaggle. This huge 
dataset from Kaggle is of 1 gigabyte in zip folder which further includes 9 files such as daily 
dataset, half hourly dataset, weather daily and hourly dataset, information household and UK 
bank holidays dataset. Out of these 9 files, we considered three .csv files for our further research 
i.e., Block-wise half hourly consumption data, daily weather data and UK bank holidays data. 
The half-hourly data of one block out of 111 blocks is used for training the model from the 
block-wise half hourly data which consists of 25287 rows of 50 different households from 
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November 2011 to April 2014. 
 

 
 

Figure 4: Features of each household 
 

The above shown table is half hourly electricity consumption of 5567 London household which 
took part in UK Power Networks from November 2011 to April 2014. The weather data used 
is collected from the darksky api and the daily weather dataset consists of 883 rows with 31 
different featuring columns and the five UK bank holidays shown as follows: 
 

 
Figure 5: UK bank holidays dataset 

 

3.3 Data Preparation 
 

During the data understanding and data collecting stage, the source of the data, size of the data 
and features of the dataset have determined. In the preparation of data, we will learn about 
normalizing the data, univariate time series data and data cleaning. The open source Kaggle 
data is used to prepare the data or clean the data to forecast electricity demand. Relevance of 
the data, quality of the data and many technical constraints are taken into consideration while 
selecting the dataset. 
 
For the selected data, the cleaning process has following steps: 

1. Removing null values from the data 
2. Creating new columns for better understanding the data 
3. Normalizing the data 
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3.3.1 Handling Null Values 
 
The block wise half-hourly data has 111 blocks with each block having approximately 25000 
rows and 50 columns. Also, each block is having 50 different household records from 
November 2011 to April 2014. During the data analysis, number of records of each house in 
block 0 is considered. Out of 50 households only MAC000246 is having all the values without 
null values and remaining households are having null values which doesn’t help to forecast 
accurately. The consistent univariate time series data is required for real time predictions and 
also considered that MAC000246 household from block 0 is considered for further analysis 

 
 

Figure 6: Household with highest number of records 
 

3.3.2 Create new columns 
 
To better understand the data and for better getting the results, there should be some update on 
dataset either to add or to delete columns from table. In this case, the dataset only have the 
electricity consumption of each household in KWH. Inorder to achieve better results, total 
consumption and average consumption of electricity with the date is included as a data frame 
which further attached to the original dataset. 
 

 
Figure 7: Table of new columns 

 
The total consumption of electricity is calculated for each household and for everyday from 
2011 to 2014. Also, the average consumption of each household is calculated with the help of 
total consumption i.e., total consumption of the day / number of recordings each day. This 
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calculated fields are created as a data frame and attached to the original dataset. Each hour of 
the day is modelled separately with consistently better forecasting properties than the full time 
series specifications, and the addition of simple probabilistic processes for the arrival of 
extreme price events will lead to improvements in the forecasting capabilities of univariate spot 
electricity pricing models [26] 
 

3.3.3 Normalizing the data 
 
The aim of normalization is to change numeric column values to a standard scale in the dataset, 
without distorting variations in value ranges. Normalization can be done to the datasets whose 
features are of different range [27]. It is useful when the data has different scales and the 
algorithm makes no assumptions regarding the data distribution. The Normalization can be 
applied to the single/multiple columns in the same dataset. The electricity data considered 
having different types of values. In order to bring them on to the same scale, data normalization 
is considered. 
 

 
 

Figure 8: Data types of columns 
 
In this case, the data is scaled on a range 0 to 1. Normalization is achieved with the help of 
Minmax Scalar 
 

𝑥!"#$ = %&%!"#
%!$%&'!"#

  (1) 

 
Rescaling to [0,1] is achieved by moving the values of each characteristic so that the minimum 
value is 0, then dividing by the new maximum value. 
 

3.3.4 Preparation of weather data 
 
The weather data is chosen to include the seasonality to the electricity dataset which results 
with better accuracy. From the list of columns, we have selected the variables which have 
numerical values and dropped down the remaining. The date is included to the dataset to 
calculate the results daily based on date and the daily consumption of electricity with respect 
to weather data is shown below:   
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Figure 9: Boxplot of daily electricity consumption with respect to weather 
 

The normalized data is further developed in the next chapter with the help of time series 
analysis and machine learning algorithms. The machine learning algorithms such as ARIMA, 
SARIMA and MLP are explained in detail in further sections.  
  



 24	

Chapter 4: System Design and Modelling 
 
The main goal of this research is to forecast the electricity demand while comparing the 
standard time series model with the neural network’s algorithm. The normalized data will be 
developed with the seasonal ARIMA and MLP is discussed in brief through this chapter. The 
algorithms are developed on python language and baseline SARIMA is compared with the 
MLP to check for the better accuracy. Based on results obtained, a web application developed 
in the python flask is used as a web interface. The detailed approach followed by the machine 
learning algorithms within depth technical details like library packages used in the application 
development are discussed in this chapter. 
 
The prediction model used for this research is: 
 

 
Figure 10: Architecture of the system 

4.1 System specifications 
 
The system specifications required for this project is as follows: 
 
Operating System   : macOS Catalina version 10.15.6 
Programming language/version : Python/ python 3.7.6 
User Interface Framework  : Flask 
Server used    : HTTP server 
 

4.2 Time series analysis 
 

A time series is any sequence of observations reported at specified times and usually 
presented as a plot of the time series. This is a graph in which the observations are mapped as 
time function. The set of times T at which recorded electricity consumption values may be a 
discrete set. In such case values are reported at randomly spaced times or a continuous interval, 
as is the case when the data are continuously collected. The main objective of the time series 
analysis is to predict the series of future values by extracting a hidden signal and discovering 
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the process by which the data is generated, simulating the series independent realizations to see 
how it will behave in the future [28]. 
 
Time series forecasting is mainly divided into two types. One is univariate analysis which 
analyses single variable over time and the other is multivariate analysis which examines two 
or more variables over time. The time series forecasting is used to predict the future values 
based on past values. 
 

4.3 Auto Regressive Integrated Moving Average (ARIMA) 
 
ARIMA model consists of two parts, Autoregression (AR) and Moving Average (MA) which 
together form an ARMA model. To convert the time series from non-stationary to stationary 
time series integrated term is used I [23]. It is specified by three parameters (p, q, d). 
 
AR(p) Autoregression: 
A model of regression that uses the relationship between the present observation and the 
previous observations. An auto regressive part refers to the use of past values for the time series 
in the regression equation. 

 
𝑦!=c+ϕ"𝑦!#"+ϕ$𝑦!#$+⋯+ϕ%𝑦!#%+ε! (2) 

 
Where ε! is the noise in the signal, 𝑦! is the lagged values as predictors of order p 
 
MA(q) Moving Average: 
A model which uses the dependence between an observation and a residual error of a moving 
average model applied to lagging observations. A moving average component shows the model 
's error as a combination of preceding error terms. The q command represents the number of 
terms to include in the model. 

 
𝑦!=c+q"e!#"+q$e!#$+⋯+q&e!#&+ε!  (3) 

  
Where ε! is the white noise, 𝑦! is the lagged errors of order q. 
  
I(d) Integration: 
It uses observation distinction, in order to make time series stationary. Differentiation requires 
the subtraction of a series' current values from its previous d times. 
The ARIMA model can be mathematically represented as: 

 
𝑦'!=c+ϕ"𝑦'!#"+ϕ$𝑦'!#$+⋯+ϕ%𝑦'!#%+q"e!#"+q$e!#$+⋯+q&e!#& (4) 

 
Where 𝑦'! is the differenced series and the predictors on the right side of the equation includes 
both lagged values and lagged errors. This is called ARIMA (p, q, d) model. 
Where p= order of the Autoregressive part 

d= degree of first differencing involved 
q= order of the moving average part 
 

Typically, it is not possible to say simply from a time plot which values p and q are appropriate 
for the results. But the ACF plot can sometimes be used to determine values for p and q. The 
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ACF plot shows auto correlations which is the relation between 𝑦! and 𝑦!#( for different values 
of k. The problems faced by ACF plots can be overcome using Partial Autocorrelation (PACF). 
It is the relationship between 𝑦! and 𝑦!#( after deleting the lag effects. The first PACF is similar 
to ACF as it doesn’t have anything to remove between them. The AR(p) and MA(q) values can 
be determined using ACF and PACF plots [29]. 
 

4.4 Seasonal Autoregressive Integrated Moving Average (SARIMA) 
 
Seasonal ARIMA model can be explained by adding the seasonal terms in the ARIMA model 
mentioned above and can be expressed as  

ARIMA (p, d, q) (P, D, Q) m   (5) 

Where (p, d, q) and (P, D, Q) m are the non-seasonal and seasonal part of the model respectively 
[19]. Parameter m represents the number of periods per season. The seasonal part of the model 
is somewhat similar to the non-seasonal portion but involved in seasonal time backshifts. The 
ARIMA model is finalized by modifying the values of p, d and q using available dataset. The 
Akaike Information Criterion (AIC) is commonly used for evaluating the parameters of an 
ARIMA model. It is expressed as follows: 

AIC = 2K - 2ln(L)    (6) 

Where K is number of estimated parameters in the model and L is the maximum value of the 
likelihood function for the model. The best forecasting model should have the minimum AIC 
value. 

The Bayesian information criterion (BIC) is used for model selection among finite set of 
models and the least BIC is further used. It depends on the likelihood function and AIC. It is 
expressed as: 

BIC = K ln(n) – 2 ln(L)  (7) 

Where L is maximum likelihood function, n is number of data points and K is number of 
parameters estimated by the model. 

4.5 Multi-Layer Perceptron (MLP) 
 
A multilayer perceptron (MLP) is a type of artificial neural network (ANN) for feedforward. 
In general, ANN is a model of operation consisting of a large number of interconnected nodes 
(neurons). Each node contains a specific output function called function activation. The 
connection between each of the two nodes is a weighted value that passes through the signal 
of the connection called weight. The weight of each node in ANN is having memory. MLP has 
several layers, the first layer is the layer of input, the last layer is the layer of output, the middle 
layers are called hidden layers and each layer contains many neurons. The neurons in MLP 
have the characteristics of full interlayer and intra-layer connectivity [20]. 
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Figure 11: structure of Neural network 

 
The above structure has one input and output layer with two hidden layers. There are 𝑁" nodes 
in input layer with the input data at each node and output layer has  𝑁) neurons. The hidden 
layer 1 and 2 have 𝑁$ and 𝑁* neurons respectively. 

If the MLP has m hidden layers, its input and output are 𝑛" and 𝑛+,$ respectively. 𝑛$, 𝑛*, 
….𝑛+,"are the number of nodes in each hidden layer. Each node value in MLP is calculated 
with the following formula: 

𝑥-. = 𝑓(𝑤-𝑥-#" + 𝑏-#")  (8) 

where 𝑥-. represents the value of the j neuron in the i layer. 𝑤- represents the weight vector of 
the j neurons in layer i − 1 to layer i. 𝑥-#" represents the value vector of all neurons in layer i 
− 1. 𝑏-#" represents the bias of the i − 1 layer, and f is the activation function [20].  

The sigmoid function is used for non-linear activation function and is represented as follows: 

𝑓(𝑥) = 𝑠𝑖𝑔𝑚𝑜𝑖𝑑(𝑥) = "
",/!

  (9) 

MLP is a supervised learning model and it has output to any input. The loss function is as 
follows: 

𝐽(𝑊, 𝑏; 𝑥, 𝑦) = "
$
9:ℎ0,2(4) − 𝑦:9

$
 (10) 

Where h represents the output, y is the actual value and ||.|| is any distance norm. To avoid the 
loss function back propagation is used by adjusting the error. The popular gradient descent 
(GD) is used for adjusting the error. Stochastic gradient descent is used to overcome the defects 
of GD and to adjust the parameters of MLP. It is represented as follows: 

∇𝑤 = −	6.(0,2;4,8)
60

   (11) 

𝛿𝑊! = 𝛼∇𝑊! + 𝛽𝛿𝑊!#"  (12) 

Where gradient is represented in equation 5. The value of 𝛼 and 𝛽 is from 0 to 1 and both are 
set to 0.5. 
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Chapter 5 : Implementation 
5.1 Implementation of Machine learning models 

 
A step-by-step procedure is followed to implement the machine learning models to forecast 
electricity demand. To implement the machine learning models, the python libraries required 
are pandas, NumPy, seaborn, datetime, matplotlib and scikit imported into the jupyter 
notebook. 
 
In the first step, the normal regression is applied to the electricity dataset at various level such 
as daily, monthly and yearly and shown below: 
 

   
Figure 12: Yearly consumption    Figure 13: Monthly consumption 

 

 
Figure 14: Date consumption 
 
The consumption of electricity is exponentially growing with respect to time and when we dig 
a little deeper at monthly level electricity consumption is same throughout the time. 
 
To convert the non-stationary time series data to stationary, Autocorrelation function and 
partial auto correlation function is used. The weather data gave the relationship between the 
electricity consumption and various factors effecting it such as temperature and UV index is 
inversely related to the electricity consumption; humidity, visibility follows the same trend as 
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electricity consumption. The graphical representation of various factors affecting electricity is 
shown below: 
 

 
Figure 15: Graphical representation of consumption and temperature 

 

 
Figure 16: Graphical representation of electricity consumption and Humidity 

 

 
Figure 17: Graphical representation of electricity consumption and Visibility 

 

 
Figure 18: Graphical representation of electricity consumption and UV index 

 
Correlation matrix is the relationship between the sets of random variables. From the 
correlation matrix of the electricity consumption with the factors affecting it is shown in below 
table. Electricity consumption is highly positive correlated to humidity and negatively 
correlated to temperature. Independent variables like dew Point and UV index are related to 
other independent variables, called multicollinearity, hence discarded.  
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Figure 19: Correlation matrix of electricity consumption with other variables 
 

The heatmap of independent variables of weather is correlated to each other. From the 
following heatmap the temperature Max is positively high correlated with dewpoint and the 
moon phase is negatively high correlated with the dewpoint, temperature Max and UV index. 
 

 
Figure 20: Heatmap of independent variables of weather 

 
After finding the correlation between all the variables, the next step is to perform k-means 
algorithm on the dataset to the unlabelled weather scaled data which is obtained after removing 
less correlated variables. The steps to apply the algorithm are: 
 

• The K=3 centroids are initially given at random 
• The clusters are formed based on the nearest data points to the centroid 
• The mean in the clusters is used to update the centroid position  
• The above steps are repeated until the centroids become stable 
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Figure 21: Clusters formed by k-means algorithm 

 
The national holidays of London dataset is used to check whether it is affecting load 
consumption or not.  
 

5.1.1 Seasonal Autoregressive Integrated Moving Average model 
(SARIMA): 
 
The publicly available electricity consumption dataset of London from November 2011 to 
February 2014 is used for this project and split into the training set and the testing set of ratio 
80:20. To find the optimal values (p, q) auto correlation function (ACF) and partial 
autocorrelation function (PACF) is applied. 
 

  
The auto correlation plot displays a gradual decay and the partial auto correlation plot shows 
the sharp drop after the first lag. Based on the graphs it is implied that most of the higher-order 
autocorrelations are effectively explained by the k=1 lag. Hence, the series displays ‘AR’ 
signature. 
 
Dickey Fullers Test 
To check the stationary of the data, Dickey Fullers (ADF) test is applied. This test helps to find 
the null hypothesis of a unit root in time series data. The ADF test will try to reject the null 
hypothesis and if it is rejected then the alternate stationary is used. So, If the p-value is greater 
than 0.05 then we fail to reject null hypothesis and non-stationary. Similarly, if the p-value is 
less than or equal to 0.05 then the data is stationary. 
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Table 2: Non-stationary data (P>0.05) 
 

 
Table 3: After converting to stationary (P<0.05) 

 

 

 
Figure 22: Mean and Standard deviation with Augmented dickey fullers test 

 
The trained electricity data with the weather and holiday factors affecting is then model fit of 
SARIMA along p, d, q values obtained. The endog and exog are used as names for the observed 
variables of data in the prediction. The data is trained and tested with SARIMA model and the 
evaluation is done based on MAE and MAPE.  
 

 
 



 33	

 
Figure 23: SARIMAX Results 

 

5.1.2 Multi-Layer Perceptron (MLP) 
 
After pre-processing the electricity consumption data, In MLP process the time parameter is 
dropped and the frequency is kept constant. The training and testing data are reshaped into 
input (x = t) and output (y = t+1). Today’s load consumption (t) will help to predict tomorrow’s 
load consumption (t+1). The new dataset is created with lookback value 1 which represents the 
number of past days required to forecast the future. The data of each block has been split into 
80:20 ratio i.e., 80% as training data and 20% as testing data. The number of times entire 
training data batch to be iterated is defined as epoch and it is set to be 100 in this case.  
 

 
Figure 24: splitting the training and testing data 
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RELU FUNCTION: 
 
In designing the best deep neural networks, RELU function is used. For the negative values of 
output, the gradient will be zero and represented as A(x) = max(0,x). This allow the gradient 
to be non-zero and training will be recovered gradually.  
 
OPTIMIZER 
 
Inorder to train the neural networks quickly and more efficiently then the best optimizer to 
choose is Adaptive Moment Estimation (ADAM).  
 
The three-layer multilayer perceptron model with the activation function RELU and ADAM 
optimizer is defined to create and fit the model in load forecasting data. The loss function 
chosen is mean squared error. 
 

 
Figure 25: Creating and fitting the MLP model 

The prediction modelling, concepts of the models to be applied and the implementation of 
SARIMA and MLP model is discussed in detail in this chapter. The evaluation of the models 
and the results obtained are further discussed. 

5.2 Web User Interface 
 
The web user interface has been developed to forecast the electricity demand in which the user 
can upload his electricity load of one month and can check the forecast of the next month. The 
London dataset used in this project helps the user to choose the block and household from the 
dropdown buttons. The training and testing data are chosen with the help of slider. The inputs 
from the user undergoes the MLP process developed in the python and the output displays the 
forecasting graphs and the data. The data for the internal processing is chosen by user from the 
London data. The output displays the graphs with the statistical errors and the prediction data 
graph using the plotly. 

5.3 Python libraries 
 
The python is one of mostly used developing languages due to its ease of coding and the entire 
application is developed on the python with the help of following libraries: 

NumPy 
The numerical python (NumPy) is a powerful n-dimensional Array which is known for its fast 
computation and versatile. The mathematical functions like random number generator, linear 
algebra and Fourier transforms are easily solved with this library. 

Pandas 
The pandas library is used to read the and load the data for the data cleaning, transforming and 
analyzing it. Pandas is designed on top of NumPy library which uses or replicates a lot of 
structures in pandas. Data in pandas is widely used in SciPy to feed statistical analysis, 
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Matplotlib plotting functions, and Scikit-learn machine learning algorithms. 

TensorFlow 
The TensorFlow is a fast-numerical computing open source library created and maintained by 
google. It is designed for the use of Deep learning algorithms and for evaluation Keras is used. 
It is the best open source library for neural networks. 

Sci-kit learn 
The sci-kit learn is an open-source library which is simple and efficient for the predictive data 
analysis and built on NumPy, SciPy and matplotlib. It provides the range of supervised and 
unsupervised learning algorithms in python. The clustering, feature extraction and cross 
validation are included in this library. 

Dash 
Dash is used as a library to interface and to create analytical web applications. The dash can be 
used for immediate reporting, visualization, data exploration, modelling and instrument 
control. Dash applications are web servers that run Flask and that communicate JSON packets 
through HTTP requests. The frontend of Dash renders components using React.js, the user 
interface library for JavaScript. The separate JavaScript or HTML is not required to view the 
interface, the dash apps are directly viewed in web browser. 
 
The necessary libraries used to create the interface and to forecast the data is as follows: 
 

 
 

Figure 26: Imported libraries to display webpage 
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The homepage of the web application created by the flask to forecast the short-term electricity 
demand is shown below: 
 

 
 

Figure 27: Homepage of the electricity forecasting 
 

Depends on the three inputs select a block, select a household dropdown and test-train ratio the 
output forecasting graphs are displayed.  
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Chapter 6: Evaluation and Results 
 
In the chapter of evaluation, standard evaluation metrics such as Mean absolute error and mean 
absolute percentage error is determined along with the results obtained from the SARIMA and 
MLP models. Based on the obtained results best model is chosen. 

6.1 Testing machine learning models 
 
This section discusses the performance of our machine learning algorithms with the standard 
regression evaluation metrics. The regression task is used for prediction of electricity demand 
with the continues value within given range. The regression metrics used to evaluate the results 
of prediction are MAE, MAPE, MSE and RMSE.  
 

6.1.1 Mean Absolute Error (MAE) 
 
The most basic regression error metric to be known is the mean absolute error (MAE). For each 
data point, we will calculate the residual, taking only the absolute value of each, so that negative 
and positive residuals do not cancel out [30]. We take all these residuals on average then. In 
effect, MAE describes the typical residual magnitude. The mathematical calculation of MAE 
is as follows: 
 

𝑀𝐴𝐸 = "
9
∑|𝑦 − 𝑦'|  (13) 

Where n = number of data points 
Y= actual output value 
Y’= predicted output value 
|y-y’| = absolute value of residual 

 
Figure 28: Graphical representation of MAE 

 
The green line is the prediction model (Best Fit) and the blue points represents the data. The 
underperformance or overperformance can be reduced in MAE by using absolute value of the 
residual. A low MAE suggests that the model is stable, while a large MAE suggests that the 
model may have issues in certain places. The best performance predictor model will have MAE 
of 0. 
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6.1.2 Mean Absolute Percentage Error (MAPE) 
 
The mean absolute percentage error (MAPE) is equal to percentage of the mean absolute error 
(MAE). It is a statistical measure of the accuracy of a system. The mathematical representation 
is as follows: 
 

𝑀𝐴𝑃𝐸 = "
9
∑ 98#8

"

8
9 ∗ 100  (14) 

Where n is number of data points 
Y is each residual scaled against the actual value 
y-y’ is the residual 

 
Figure 29: Graphical representation of MAPE 

 
If the forecast is lower than the real value, MAPE will be lower compared to a forecast that is 
higher by the same amount. 

6.1.3 Mean Square Error (MSE) 
 
Mean square error is calculated by the average of square of the difference between the actual 
and predicted data. The mathematical representation is shown as below [31]: 

𝑀𝑆𝐸 = "
:
∑ (𝑦 − 𝑦')$9
-;"   (15) 

Where N is total number of observations and  
y-y’ is difference between actual and predicted value 

 
Figure 30: Graphical representation of MSE 
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6.1.4 Root Mean Squared Error (RMSE) 
 
The square root of the mean square error is considered as root mean square error. The standard 
deviation of the errors which occur when a prediction is made on a dataset[31].  The 
mathematical representation as follows: 
 

𝑅𝑀𝑆𝐸 = 	√𝑀𝑆𝐸  (16) 
 

6.2 Evaluation of SARIMA model and results 
 
This section helps in getting results from the SARIMA model based on the statistical 
measurements like MAE, MAPE, MSE and RMSE. The training of the total consumption 
(80%) is plotted as graph over time. 
 

 
Figure 31: Plotting the training data 

 
The remaining 20% of electricity consumption data is plotted as graph and as follows: 

 
Figure 32: plotting the testing data 

 
The training and testing data is evaluated using the evaluate_ts function and defined the all 
statistical errors with the true values and the predicted values. 
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The results of the all errors are called to display as follows: 
 

 
Figure 33: Results of statistical errors 

 
The evaluation results of MAE = 4.7551 
MAPE = 28.9540 
MSE = 51.2506 
RMSE = 7.15 
 
The total consumption and forecasting of electricity data is plotted with total consumption as 
red colour and the predicted plot as blue colour.  
 

 
Figure 34: Graphical representation of total consumption and predicted data 

6.3 Evaluation of MLP model and results 
 
In this section, the MLP model is used to predict the demand of electricity forecasting with the 
help of statistical errors. The 80:20 ratio of train-test data is processed to get the results. The 
error results obtained from the MLP model over time are as follows: 
 

 
Figure : Evaluation results of MLP 

 
The Evaluation results of MLP are as follows: 
Mean Absolute Error = 4.17 
Mean Absolute Percentage Error = 30.44 
Mean Square Error = 45.42 
Root Mean Square Error = 6.73 
 
The graphical representation of the historic trained and the tested data is plotted on a graph 
over the time. 
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Figure 35: Graphical representation of historic and predicted data 

 
The evaluation results of SARIMA and MLP are very similar with the slight overhead accuracy 
of MLP. The each household of all 111 blocks are compared and displayed using the user 
interface which is developed using the FLASK tool and running on a online server. The 
webpage also displays the trained data and the data exploration graph which shows mean and 
standard deviation. 
 

 
Figure 36: webpage of Electricity Load Forecasting 

 
The above figure shows prediction graphs of SARIMA and MLP based on the household 
selection, block and the train test size. The graphs are compared with the help of MAE, MAPE, 
MSE and RMSE.  
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Chapter 7: Conclusion and Future work 
 
In this study, we have taken individual household smart meter readings in London to 
understand the consumption of electricity depending on various factors such as weather and 
holidays. The three main objectives of this research has been achieved:  
 
Objective 1 defined in chapter 1.4 has accomplished by reviewing the background in the field 
of electricity consumption using machine learning algorithms and analysed their results. The 
gaps in research are filled partially by improving accuracy and creating the user interface. The 
challenges of the project is using the additional weather and holidays data to get the accuracy.  
 
Objective 2, analysed both the SARIMA and MLP model and check the accuracy based on the 
statistical metrics. Both the models gave almost the same results with the slight ahead results 
of MLP model.  
 
Objective 3, an user interface is developed based on the best performing model (MLP) and 
displays both the predicting graphs for better understanding. 
 
The factors such as temperature, humidity, visibility and the UV index are highly correlated 
with the total consumption of electricity which are used to define the factors affecting the 
demand. With the help of factors affecting the data, the start and end months of the year 
consumes more electricity than the remaining months due to the fall in temperatures and more 
humidity. The short-term electricity demand had compared with MLP and SARIMA model 
and the best model to forecast the electricity demand with the less error values is chosen.  
 

MODEL SARIMA MLP 
MAE 4.75 4.17 
MAPE 28.95 30.44 
MSE 51.25 45.42 
RMSE 7.15 6.73 

Table 4: Comparing the results 
 

Based on the results from statistical metrics, we can conclude that the both models found to 
give similar results with the minimal errors and varying decimals. But the MLP model is 
slightly outperformed the SARIMA model. For the better understanding purpose, an user 
friendly environment is created with the visualizations of all the results on the user interface 
dashboard. 
 
The future work can be made to improve the user interface into the mobile applications which 
can easily accessible to the users to predict the monthly bills based on the usage history. The 
stakeholders of this project are both the customers and the electricity business boards. The 
application can be further improved by comparing the electricity bills from the different boards. 
The higher the frequency of the data collected more useful to predict the demand.  
 
The implementation of this project requires the huge budget for the government to convert the 
normal electricity meters to the smart meters which can track the live data and build the more 
accurate model. Businesses and government can utilize this forecasting data to allocate the 
budget plans and tariff on usage of electricity. Also, to evolve with the changing trend in 
electricity market. 
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