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Abstract

Smart energy management systems have become more popular as the consumption of energy

is increasing rapidly. So, in order to monitor the daily energy consumptions in real time smart

meters are used. Load forecasting is very important for power system management as it helps in

maximum utilization of power generation plants, reliable and efficient operation of the system.

In smart homes, the smart meter data are used to forecast the load and it can be even used

for a neighborhood. F orecasting of electrical loads can be done using different deep learning

techniques and can be used for demand management. Different methods employed includes

Long Short-Term Memory (LSTM), Bi-directional Long Short-Term Memory (Bi-LSTM) and

Gated Recurrent Unit (GRU). The proposed method for forecasting of energy consumption

consists of data preprocessing, model generation and validation. Performance of the models

are validated using evaluation metrics like R-squared (R2), Mean Absolute Error (MAE), Mean

Square Error (MSE) and Root Mean Square Error (RMSE). The error metrics are then compared

to find out the accurate model. The main advantage of load forecasting is that we can reduce

the energy wastage and increase the efficiency of energy usage.
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Chapter 1

INTRODUCTION

1.1 Overview

With the rise in population and an overall increase of the energy structure, electricity demand

is fast-growing. So, smart grids are used to meet the energy demand. The key attribute of

demand-side managing in smart grids is load forecasting, as it helps to make efficient and effec-

tive choices [1]. Load forecasting is an intricate multi-variable and multi-dimensional approx-

imation problem where forecasting methods such as curve fitting using numerical methods do

not provide accurate results as the random trends are not considered accurately and that’s why

machine learning algorithms are used [2].

Nowadays, artificial intelligence-based approaches that are formed upon data engineering

and machine learning techniques are so accepted and broadly used in different areas. But for a

large dataset deep learning methods gives the prefect approach. Deep learning techniques con-

sist of multiple layers which uses data abstraction for feature extraction. The new form of deep

Recurrent Neural Networks (R-NNs) with more precise and more stable performance, namely

Long Short-Term Memory (LSTM) network, has been used in different works such as short-

term load demand and power fluctuations forecasting tasks [3]. In order to develop a machine

learning model for load forecasting it is important to understand the different parameters on

which electricity demand is dependent. The different parameters on which it depends are time,

historical trends, weather, humidity, electricity price, etc. In LSTM models used for load fore-

casting, adding layers and hidden nodes in in excess can cause over fitting. It works remarkably

well on training dataset but flops when it enters a real-world situation [4].
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In order to capture the appliance level behavior in low resolution data Hidden Markov

Model (HMM) is used. HMM is used since it does the individual modelling of appliances and

improve the results. It works well for single devices but not so effective in case of complex

appliances. HMM is very time consuming due to the individual modelling in detail, limits its

practical use [5]. The computational difficulty rises with the number of devices. So, to over-

come the disadvantages deep neural networks (DNN) are used. Regardless of the number of

appliances or the electricity consumption from non-target appliances the deep learning mod-

els identify the activities and estimates the consumption of the appliances regardless of their

number [6].

Energy consumption pattern at a household can be of three types. The regular consump-

tion pattern which can be identified from analyzing the historical data, uncertain consumption

pattern due to weather conditions and noise components [7]. Due to the uncertainty and unpre-

dictability of household energy consumption, deep learning techniques like LSTM, Bi-LSTM,

GRU etc. are used. LSTM is a more advanced type of RNN which can be used for time series

data. Bi-LSTM is different from LSTM as it processes data in forward and backward directions.

GRU is a LSTM with only two gates. The proposed deep learning models are then evaluated

based on accuracy to find the appropriate method.The main contributions of this work are, a

deep learning model is built using LSTM, Bi-LSTM and GRU and quantitative analysis are

performed through evaluation metrics.

1.2 Objective

New methods are being developed in order to conserve the energy usage and are being imple-

mented to overcome the existing methods. Smart energy meters are being developed on the idea

of increasing the energy efficiency, real time monitoring of energy usage and for the demand

side management. The smart meter readings are then used for load forecasting, which helps to

reduce the cost of production of power utility companies, give feedback to customers, helps in

demand forecasting and to meet future commercial and environmental impacts. Advanced deep

learning techniques like Long Short-Term Memory (LSTM), Bi-directional Long Short-Term

Memory (Bi-LSTM) and Gated Recurrent Unit (GRU) are used for load forecasting and their

performance are evaluated using different error metrics.
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1.3 Organization of the Thesis

The entire thesis is organized as follows. It consists of five chapters. Chapter 1 is a brief

introduction of the thesis, objectives and scope about the same. Chapter 2 deals with litera-

ture review about load forecasting methods, datasets and different techniques used. Chapter 3

describes the methodology followed. Chapter 4 discuss about the result and analysis for the

forecasting models. Finally, Chapter 5 gives the conclusion and the future scope.
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Chapter 2

LITERATURE REVIEW

2.1 Introduction

Load forecasting is very important in power system management for the efficient utilization of

the system. The evaluation of load in advance is generally known as load forecasting. It is

necessary for power system planning, for demand side management and peak load reduction.

The peak load reduction can be used to increase the profits and for reducing the energy cost.

If the loads are known in advance the utility companies can manage their operation with better

planning.

2.2 Load forecasting

It is the process used for forecasting future electric load, given previous trends and weather

information. Various type of load forecasting based on the range of forecast are Short term load

forecasting, Medium term load forecasting and Long term load forecasting [8].

2.2.1 Short term load forecasting

The period ranges from one hour to one week. It helps us to understand the load consumption

and can be used to avoid overloading. It also gives an idea about daily operations which can be

used for system management [9], [10].
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2.2.2 Medium term load forecasting

The operating period ranges from one week to one year. The forecasts for different time hori-

zons are important for different operations within a utility company. It is used for the purpose

of scheduling fuel supplies and unit management.

2.2.3 Long term load forecasting

The operating period is longer than a year. It is used to provide electric utility company man-

agement with accurate forecast of future needs for expansion, equipment purchases or staff

hiring.

2.3 Advantages and Disadvantages of Load Forecasting

2.3.1 Advantages

1. Utility companies can plan their operations well since the future consumption is known,

so as to meet the demand.

2. Resources necessary to operate the generating plants can be reduced without affecting

their operations.

3. It helps to plan the size, location and type of the future generating plants according to the

needs and ensure their maximum utilization.

2.3.2 Disadvantages

1. The accuracy of the forecast may vary, as it depends on different parameters and on how

the data is interpreted.

2. Decision made on inaccurate forecast can cause financial losses.

For different operations, the forecast for different time zones is used within a power utility

company. All these forecasts are different as well. The different techniques used are statistical

techniques or artificial intelligence algorithms such as regression, neural networks, fuzzy logic

and expert systems.
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The smart grid operations use smart meters for automatic meter reading and load forecast-

ing. Smart meter is a device that records electricity usage and permits bi-directional commu-

nication between the utility company and the resident for monitoring and billing [11], [12]. It

provides the customer with a better idea about the energy consumed and the price. The utility

companies generates electricity and provide to the consumers. The meter records the energy in

a periodic time like hourly or in minutes. The smart meter output is time series data. The most

important factors affecting the electricity consumption pattern of the resident are environmental

factors and socioeconomic factors. The environmental factors include weather, temperature,

and humidity of the resident’s locality.

The changes in the climatic conditions and the lifestyle of the residents affect the elec-

tricity consumption patterns, making the load forecasting more difficult. Smart meters used

for monitoring residents energy usage gives an idea about the load consumption pattern and

socio-economic nature of the resident. It also gives idea about the appliances used, usage time

and changes of the load with external factors like climatic conditions. The load patters changes

accordingly to seasons and are needed to be addressed. The different factors affecting the load

are demographic factors, time factors, weather factors, meteorological factors and pricing fac-

tors [13]. The meteorological factors were analysed to find out their correlation with load and

the related features are given into the forecasting model as shown in Figure 2.1 to improve the

prediction accuracy. Correlation metrics are used to find out the correlation coefficients be-

tween variables, so that the best features can be found out for load forecasting. A high degree

of correlation between variables makes them unreliable and are excluded. External factors like

temperature and humidity if considered makes load forecasting better and reduces the compu-

tational errors [14].

Figure 2.1: Load forecasting model
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2.4 Data acquisition

2.4.1 REFIT

The dataset consists of 20 buildings in England (Loughborough area) from the years 2013 to

2015. The information comprises of active power tested at each 8 seconds for both mains and

discrete devices. It contains the most data among the other datasets and are used in creating

deep learning models. We anticipated that the huge quantity of data analyses would be able

to generalize the trained models, that are used to further unobserved households. Beforehand

training the models, the complete information is reviewed.

2.4.2 UK-DALE

UK-DALE (United Kingdom Domestic Appliance Level Dataset) is used for performance eval-

uation of deep neural networks [15]. The dataset contains both aggregated and disaggregated

real power measurements along with selected submeter appliances from five households. The

datasets were sampled at a 6 second interval for applying data augmentation algorithm. The

power requirements of all appliance were represented by the aggregated data and was recorded

using a smart energy meter.

Smart plugs are used in individual appliances to record their power demands and to mea-

sure the disaggregated power data. Each target appliances have labelled data in the UK-DALE

set. So, in order to improve the size of training data appliance profile where offset, augmented

and duplicated.UK- DALE has a lot of misplaced data and the gaps can be large. The gaps

are considered as zeroes for easy estimation of consumption of appliances. The performance

evaluation is affected due to the gaps and we separate the data at gaps into segments. For testing

and training we use the longest and second longest segments.

2.4.3 REDD

The Reference Energy Disaggregation Data Set (REDD), is an easily accessible database com-

prising of comprehensive power utility of 6 buildings in US, issued with the objective of en-

couraging additional study on the field of energy disaggregation. It contains different frequency

meter readings for small time interval (amongst a few weeks and a few months). Measurements

comprise of readings with 1sec sampling period and numerous devices with 3sec sampling pe-
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riod. Also, high-frequency current and voltage readings are offered at a sample frequency of

15KHz and the span of the readings are among 3 and 19 days.

2.4.4 Smart home dataset

A real-world dataset containing the energy consumption values of different appliances of a

household are used. The dataset was downloaded from Kaggle and the dataset used for the

model creation consists of various parameters that affected the electricity consumption like

temperature, pressure, humidity, wind speed, dew point, visibility etc. along with the appli-

ance’s consumption data. The data consist of the measurements with an interval of 1 minute for

350 days of a household. The dataset also contains the local weather information’s and the data

are represented in KW.

2.5 Deep learning techniques

For load forecasting, different techniques are used for getting better results. The main meth-

ods are divided into two, statistical methods and machine learning methods. Statistical meth-

ods such as the Auto regressive Integrated Moving Average model (ARIMA) and exponential

smoothing method are simple and does not give the complex correlation between the different

features of the load dataset. Machine learning techniques like Support Vector Machine (SVM)

and decision tree give a better performance and are widely used in load forecasting. Most re-

cently deep learning techniques like Convolutional Neural Network (CNN) and Recurrent Neu-

ral Networks (RNN) are of great importance as they give better prediction results. Advanced

form of RNN like LSTM, Bi-LSTM and GRU are also used [16], [17], [18], [19].

2.5.1 Sequence-to-Sequence

It operates by converting a sequence into another, which consists of an encoder RNN, which

recognize the input sequence along with a decoder RNN that decodes the assumed vector thus

creating an output [20]. Encoder network changes the input to a vector that gives its output

into the decoder network such that it forms a new series. During each stage of repetition in the

encoder network, a new word is given as input which is used in the succeeding stage by the

following stage [21]. When the decoder collects the last state from the encoder, it uses a distinct

8



probability distribution (on the input at every stage) for predicting the output considering a loss

function. The prototype used attempts to plot the data of the device which is monitored by

creating a regressive map among them [22].

2.5.2 Multi task learning

Multi task learning (MTL) is a machine learning algorithm which involves multiple related

tasks optimized by multiple loss functions [23]. This contributes to performance improvement

as multiple related tasks are learned together. It involves sharing knowledge to learn common

features between different tasks. MTL consist of one input layer followed by multiple shared

layers to avoid overfitting and two output layers. The first output layer gives the energy disag-

gregation and the other gives the status detection. The energy disaggregation layer provides the

appliance level energy consumption, load pattern etc. But for an effective energy management

system (EMS) the operation time, frequency of use must also be known. So, in order to achieve

accurate results, the load status detection layer is used. During off periods the energy disaggre-

gation output produce noisy outputs. If the device is not active the status detection gives zero

and the energy disruption results can be improved by taking the product of two outputs, which

eliminates the noisy predictions.

2.6 Conclusion

This chapter addressed the literature review about load forecasting, the different types of load

forecasting and factors affecting the forecast. Different datasets along with different deep learn-

ing techniques were also explained in detail.
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Chapter 3

METHODOLOGY

3.1 Introduction

Deep learning-based load forecasting models are built on three main steps, namely data pre-

processing, model training and model validation. The dataset contains different parameters that

affects the forecast and are normalized to ensure consistency. Correlation between different

factors is found out to find out the best features influencing the load. The different deep learning

models are trained with the dataset and are evaluated using the test set , which are not seen in

the training period.

3.2 Block diagram of the proposed method

The block diagram representation of the proposed method is represented in Figure 3.1. The main

elements of the block diagram are dataset, data preprocessing , load forecasting, assessment of

prediction model and comparison of prediction models.The dataset used to the model creation

was from a smart home having a smart meter for load monitoring, were the energy consumption

of the resident are monitored and the data are being communicated with both the user and the

utility company. The dataset contains readings of 350 days over a time span of one minute.

The dataset are preprocessed to avoid inaccurate data and to avoid the uncertainty in pre-

diction. The most significant features are found out by using correlation matrix and the un-

correlated features are avoided. Normalisation are done on the data to make it into a common

scale.
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The proposed model created was a comparison between different deep learning methods

for load forecasting. The main methods used in this work are LSTM, Bi-LSTM and GRU.

LSTM is a type of RNN that are capable of learning long term dependencies and has a chain

like structure. It consists of an input gate, output gate and a forget gate. Unlike LSTM, the

Bi-LSTM adds one more layer so that the information flows in both directions i.e.: in forward

and backward directions. GRU is an advanced form of RNN and is similar to LSTM. The main

difference is that it consists of only two gates, the reset gate and update gate.

The evaluation of different deep learning models are then evaluated based on performance

metrics like R-squared, Mean Absolute Error (MAE), Mean Squared Error (MSE) and Root

Mean Square Error (RMSE). Finally the models are compared based on the performance metrics

values to find out the most appropriate model for load forecasting.

Figure 3.1: Block diagram

3.3 Data processing

Datasets used for model creation determines the performance of learning model, hence large

datasets are used. Quality datasets are necessary to increase the correctness of the model cre-

ated. Data pre-processing is done carefully with real world situations as datasets and the only

problem is that it takes lot of time to collect the diverse datasets and it’s not feasible to create

learning models for diverse appliances.
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3.3.1 Correlation matrix

It shows the relation between different variables arranged in rows and columns as a matrix.

The matrix gives idea about the correlation coefficient of different variables. The values of the

correlation matrix range from -1 to1. Feature selection is an important task in machine learning,

so we use correlation matrix for feature selection by finding out the relationship or similarity

among different variables. Feature selection also helps us to reduce the computational time,

improve model accuracy and provides a better understanding of the data. The uncertainty of the

predicted results can be avoided by using related data, so stronger the correlation greater will

be the prediction accuracy.

3.3.2 Feature selection

Datasets are analysed to find out the variation in the features and the best are used to the model

creation. Data pre-processing techniques like correlation metrics are important, as they improve

the prediction accuracy by using the most related data. The load curve may change based on

different factors like meteorological data, demographic data etc. A residents usage can change

depending on time, number of people, income, number of rooms, appliances and according

to climate. Drastic changes are observed during climatic changes, seasonal variations, week-

days, temperature and humidity changes etc. The accuracy of the predicted data determines the

smart grid performances and are of great importance for meeting economic and environmental

objectives.

The dataset used for the model generation was in CSV format, so it was converted into an

excel sheet for easy understanding of the data and the different parameters included. Also the

excel sheet was used to generate graphs regarding any parameters by simply plotting the data.

The graphs plotted in the excel was used to analyze the dataset. After converting the CSV file to

an excel sheet the maximum load curves of different appliances were plotted by creating a new

sheet from the excel sheet, which contain the peak load values of the corresponding appliances.

Each appliances had a unique load curve which indicates its load usage and the peak load values.

The dataset used is very important for the model creation as the accuracy of the data determines

the model effectiveness and model must also be changed as the dataset changes.
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3.3.3 Load curve generation

The dataset consists of data from different appliances in a particular household along with the

data of different parameters which may affect the energy consumption. So, in order to find

out the energy use pattern of different appliances the load curves of various appliances were

generated and the plot of the appliances were studied to find out the variations. The maximum

load curves of the appliances were created by using a separate excel sheet apart from the one

containing the original dataset. The new sheet composed of values from the maximum load

curves of different appliances, which was calculated from the graphs generated. The total power

consumption vs time graph is represented in Figure 3.2.

Figure 3.2: Data set representation for total use

The main reason for the generation of the maximum load curves as shown in Figure 3.3

was to have an improved idea about the load patterns, as the graph plotted with the whole dataset

will not give a better idea. Data used here are time series data and it is of continuous values in

minutes. From the continuous curve the different point like maximum value, minimum value

etc are hard to find out.

The labelled dataset is graphically represented with maximum load curves for power con-

sumption (KW) against time (min). The consumption of different parts of a residential building

like living room as shown in Figure 3.4 , office room as shown in Figure 3.5.
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Figure 3.3: Max load curve for total use

The load curve for kitchen as shown in Figure 3.6 are graphically represented, so as to

observe the load pattern. These factors are analysed to find out the correlation with load data

and the most correlated features are selected. Each individual appliances had a max load curve

plotted along with time.

Figure 3.4: Maximum load curve for living room
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Figure 3.5: Maximum load curve for home office

Figure 3.6: Maximum load curve for kitchen

3.4 Regression

It is the method by which an independent variable is used to find out the dependent variable.

It mainly consists of two variables, a dependent and an independent variable which are used

for the predictions. Linear regression model generates a linear equation having one or more

independent variables and a dependent variable. Regression models can be used for finding the
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relation among different variable, to predict trends and for forecasting or impact of changes.

If there is only one independent variable, then it is called as simple regression and if multiple

independent variables are used for the predication of the dependent variable, then it is called as

multiple regression.

3.5 Flow chart

Figure 3.7: Flowchart of the proposed method
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The Figure 3.7 gives an idea about the generalized flowchart for all the three methods used

for the model creation. The only difference is in the layers used as it changes according to the

respective model. The first step is to import the dataset with values of around 350 days over a

time span of one minute. The dataset used contains time-series readings, where the variables

have a sequence or it is continuous data obtained from daily observations of a smart meter. Then

the CSV file is imported and read to find out the length of the data. The total range of the data

is found out and a new dataset is created with hourly values.As the raw data is difficult to be

processed it is converted into its corresponding numeric representation. For each of the three

methods a new dataset was created from the existing dataset were the new dataset had data in

hours instead of minutes and it was more useful in showing the variations in the forecast.

The created dataset was then saved as a new CSV file into the drive and was used for the

model creation. MinMax Scaler was used to normalize the data into a range between 0 to 1.

It transforms the data by scaling it to a given range without changing the shape of the original

data. The required libraries like NumPy, Pandas, Matplotlib, Math etc are imported. NumPy

was used for python programming and for working with arrays. Pandas was used for data

manipulation and analysis. Math was used for performing mathematical operations, whereas

Matplotlib was used for data visualization and graphical plotting.The train and test set created

was used for the training and testing purpose. About 70 percentage of the data was used as train

data and remaining 30 percentage was used as test data. The created train and test data are then

reshaped for the model creation.

Hyper parameters such as batch size, optimizer used, loss function, training epochs, num-

ber of layers stacked, number of neurons were carefully optimized to avoid over fitting and

under fitting conditions. Model training was done for 40 epochs with a batch size of 10. Drop

out layers can be used to avoid regularization and over fitting. Early stopping is another way to

avoid over fitting and generalization. During the iterations it was observed that after a particular

number of epochs, there was no change in the loss values so the epochs was changed accord-

ingly. So, after setting the parameters as shown in Table 3.1 and the model was created for load

forecasting. The model validation was then done using the performance evaluation metrics and

the performances were compared to find out the optimised model.
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Table 3.1: Hyper parameters

Parameter settings Value

Batch size 10

Epoch 40

Activation function Sigmoid

Loss function Mean squared error

Model optimizer Adam

3.6 Deep learning models

3.6.1 Recurrent Neural Network

Due to the memory-based architecture of recurrent neural network (RNN), it’s used for time

series-based data. RNN represented in Figure 3.8 can be useful specifically to find the signals

of each appliance as it analyses each item based on past data. Dynamic changes in energy

consumption are specific to each appliance and is the signature of the appliances. RNN can

be used for time series prediction and language modelling. The output of a state is given back

to the input layer and retains all states previously encountered. So, every element considers

the current state and previously occurred state, which helps to learn long-term dependence and

make prediction by processing the sequence of events.

Figure 3.8: RNN architecture

The only problem of RNN is that as the dataset becomes large, the training becomes slow

and learning capacity is weakened. RNN consist of a layer of memory cells that stores the data
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along the network. The disadvantages of RNN are vanishing gradients and exploding gradients.

As these gradients carries the information, sometimes it carries excessive information which

has errors or it will be very small. Both high and small parameters updates are not good for the

neural network model.

3.6.2 Long Short-Term Memory

In order to overcome the challenges of RNN, memory cells that reserve a state and retains

a carry in order to reduce the data damage throughout sequence processing are used and are

called Long Short-Term Memory (LSTM). The chain-like shape consists of numerous interac-

tive neural network layers that choose the quantity of information to be kept, the importance of

the information to be recollected and portion of the memory cell which influences the output

at the specified timestep. RNNs performs fine with sequential dataset, as they permit neuron

networks in the identical layer to neural network. To active RNN the input given is the mains

reading and a single valued output is produced, which is the load used by the appliance tested.

To get the better of vanishing gradients issue the network uses units of LSTM and keep values

on the built-in memory cells. LSTM as shown in Figure 3.9 are now being proposed as a robust

solution for load forecasting. LSTM is a special kind of RNN capable of learning long-term

dependencies. It is made up of three gates an input gate, an output gate and a forget gate. The

gates control the amount of memory to be exposed.

3.6.3 Forget Gate

It is used to optimize the model by controlling the amount of information in the cell step.

Unwanted informations form the previous state are removed if its of less importance to the

current state.

3.6.4 Input Gate

New informations are added to the input gate consisting of sigmoid and tanh functions(activation

functions).

3.6.5 Output Gate

It determines the value of the next hidden state.
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Figure 3.9: LSTM architecture

3.6.6 Bidirectional Long-Short Term Memory

Bi-LSTM is more advanced in comparison to uni-directional LSTM models. The Bi-LSTMs

process the inputs in both the forward and backward directions as shown in Figure 3.10. In

the forward direction it goes from past inputs to future inputs and in the backward direction,

from future inputs to past inputs. The information from the past and future inputs are conserved

through using different hidden layers. The output is then passed to the only similar output layer,

which permits the Bi-LSTMs to preserve the context and data patterns well from both past and

future inputs without delay. Since the inputs are processed in forward and backward directions,

it performs better forecasts and classifications compared to uni-directional LSTMs in diverse

areas. The main benefits of this model are:

1. To exploit the data features to extract the bidirectional temporal dependencies from avail-

able data.

2. To preserve the information from past and future inputs in the hidden states of LSTM

cells.
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Figure 3.10: Bi-LSTM architecture

3.6.7 Gated Recurrent Unit

In GRU there is only a gate called the update gate, which is a combination of both the input and

the forget gate. Also, the hidden state is used instead of cell state which reduces the number

of system parameters as it reduces the gates and states. All these contributes to faster results

from the model. GRU consist of 1D convolutional layer which extracts the information from

the input raw data and helps in the improvement in model performance as shown in Figure 3.11.

Bidirectional layers used to improve the performance and analyses the time series forward and

backward. Multitask gated recurrent network (M-GRU) is used to execute energy disaggrega-

tion and detection of load status at the same time.

Figure 3.11: GRU architecture
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3.7 Performance evaluation metrics

To build a generalized model we need to evaluate the model on different metrics so as to opti-

mize the model performance and to obtain a better result. Performance evaluation metrics com-

monly used for load forecasting are Mean Absolute Error (MAE), Mean Square Error (MSE),

Root Mean Square Error (RMSE), R-squared score. The different performance metrics are

evaluated to find the model accuracy.

3.7.1 Mean Absolute Error

MAE is the difference among actual and predicted values and it should be minimum. This

difference is called error. It is the most commonly used evaluation metric. Here ŷi is the

predicted value, yi is the actual value and N is the total number of values in the test set.

MAE =
1

N

N∑
i=1

|yi − ŷi| (3.1)

3.7.2 Mean Square Error

It is similar to MAE but the squared error between actual and predicted values are found out.

Squaring is done to avoid cancellation of negative terms and it is the main advantage over MAE.

MSE =
1

N

N∑
i=1

(yi − ŷi)
2 (3.2)

3.7.3 Root Mean Square Error

It is the square- rooted value of MSE and is the most famous evaluation metric for regression

models. It is used more than MSE, as sometimes its values are too high to compare and for

easier interpretation, we are taking the square root for bringing the error values to the same

level of prediction errors.

RMSE =

√√√√ 1

N

N∑
i=1

(yi − ŷi)
2 (3.3)
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3.7.4 R-squared

R-squared gives an idea about how well our model performance and how well the fits the

dependent variables. It is also known as coefficient of determination.

R2 = 1−
∑N

i (yi − ŷi)
2∑N

i (yi − yi)
2

(3.4)

3.8 Conclusion

This chapter addressed the different stages involved in the model creation. Block diagram rep-

resentation of the model and the flow chart was also explained in detail. The different learning

models are mentioned along with the performance evaluation metrics used for model validation.
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Chapter 4

RESULTS AND ANALYSIS

4.1 Introduction

The platform used for the model generation was opensource platform TensorFlow employed in

background and keras, as it is used for deep learning tasks. The model training and evaluation

was done using Google Colab. It works on cloud and provides free GPUs. The model was bulit

using Python programming.

4.2 LSTM model

The dataset used contains smart meter readings of a household with the total consumption and

individual appliances consumption readings. The input data had around 503911 readings of 350

days over a time span of 1 minute. The dataset was then preprocessed into a new data set with

readings in hours. So the total readings in hours was found from the original dataset to specify

the range of values. The model creation was done using this new dataset and splitting it into

test and train data after normalisation. 70 percentage of the data goes for training and the rest

30 percentage goes for testing. Different Python libraries were imported and the reshaped train

data was used for model creation and test data for validation. Sequential model with LSTM

and dense layers are used with the input shape specified, so that the data is passed into the next

layer. Sigmoid activation function was used with mean squared error as loss function and Adam

optimizer. The model training was done for 40 epochs with a batch size of 10. The prediction

model was plotted graphically with power consumption (KW) vs time (H). Two different graphs
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were plotted in orange and blue colors as shown in Figure 4.1. The blue color represents the

actual values (original dataset) and the orange color represents the predicted values.

The output plot gives a comparison of true values against the predicted values. The inde-

pendent axis in the figure represents the time of the day and the dependent axis indicates the

energy usage. From the graph it’s observed that the predicted values closely follow the actual

values, which shows good accuracy and low error of the proposed deep forecasting models.In

the output graph the time ranges for about 150 hours and the power consumption for about 200

KW. The R-squared values are found out evaluate the model performance. Is also called as

coefficient of determination and the values lie in the range 0 to 1. Higher the R-squared value

better will be the model performance. In this work the R-squared value is 0.839, which is good

as it is near to 1. In regression problems we use evaluation metrics to find out how close are

the predictions to the actual value.So the model performance are determined based on these

metrics.

Figure 4.1: Forecast results for LSTM model

Actual and forecasted load values for LSTM model are tabulated in Table 4.1. The table

gives an idea about how close are the predicted values to the actual values.In case of regression

the relationship between independent and dependent variables are found out and the values are

never exactly the same, but close to the actual values. So from the table it is observed that the

predicted values are close to the actual values.
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Table 4.1: Comparison table for LSTM model

LSTM

Actual load values (KW) Forecasted load values (KW)

36.33 36.131

27.832 35.51

32.615 40.104

29.688 38.42

30.351 38.096

56.901 53.257

51.081 48.326

33.394 34.384

27.243 25.866

29.283 24.917

28.687 25.837

20.665 22.843

15.42 21.211

51.384 52.121

29.321 32.833

43.810 42.308

35.323 33.835

35.543 32.507

58.427 48.346

65.254 54.086
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4.3 Bi-LSTM model

It is a combination of two RNN netwoks.In Bi- LSTM input is processed in both directions,

both in forward and backward directions. So Bi- LSTM model gives a better prediction of data

compared to LSTM, as more information is available to the network. Similar to LSTM the

BiLSTM model the the dataset is imported from Google Drive and was loaded. The dataset was

preprocessed using MinMax Scaler and the values were converted into a range of 0 to 1. The

features of the data are scaled to a given range without changing the original shape. Different

libraries were imported for model creation. The length and test data and train data are found out

so as to split the original dataset into two. The input data was then reshaped and the sequential

model was created. The different layers used are bidirectional layers and dense layers. The

bidirectional layers connects two opposite hidden layers to the output layer, such that output

layer gets information from the past and future states at the same time. Sigmoid activation

function was used with mean squared error as loss function and Adam optimizer. The model

training was done for 40 epochs with a batch size of 10.

Figure 4.2: Forecast results for Bi-LSTM model

The prediction model was plotted graphically with power consumption (KW) vs time (H).

Two different graphs were plotted in orange and blue colors as shown in Figure 4.2. The blue

color represents the actual values (original dataset) and the orange color represents the predicted
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Table 4.2: Comparison table for Bi-LSTM model

Bi-LSTM

Actual load values (KW) Forecasted load values (KW)

36.33 33.326

27.832 25.959

32.615 29.795

29.688 28.639

30.351 29.682

56.901 51.227

51.081 51.532

33.394 39.919

27.243 31.298

29.283 29.502

28.687 27.831

20.665 21.264

15.42 17.773

51.384 41.899

29.321 31.527

43.810 40.210

35.323 37.097

35.543 35.902

58.427 50.444

65.254 56.096
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values. From the graph it is observed that the prediction was better compared to the LSTM

model.The R-squared value was found to be 0.86137, which is good as it is close to 1. Higher

the R-squared value better are the predictions.

Actual and forecasted load values for LSTM model are tabulated in Table 4.2. From the

table it is observed that the predicted values are closer to the actual values and gives a better

result compared to the previous model.

4.4 GRU model

GRU is similar to RNN, with better computation efficiency. All the process mentioned in the

previous two model are repeated. The main difference is that the sequential model was built

using GRU layers and dense layers. Mean squared error was used as loss function and the

optimizer used was Adam . The model training was done for 40 epochs with a batch size of 10.

Figure 4.3: Forecast results for GRU model

GRU only has two gates, the update gate and reset gate.The update gate determines the

amount of information passed to the next gate and the reset gate determines the amount of un-

wanted data to be removed. From the graph it is observed that the model gives a better prediction

compared to the other two models. The R-squared value is 0.8837, which is much higher and

GRU model gives the best prediction as shown in Figure 4.3. It has a simple architecture and
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Table 4.3: Comparison table for GRU model

GRU

Actual load values (KW) Forecasted load values (KW)

36.33 39.769

27.832 33.516

32.615 36.96

29.688 33.842

30.351 33.836

56.901 53.948

51.081 49.834

33.394 36.177

27.243 30.295

29.283 31.4

28.687 31.599

20.665 26.009

15.42 21.832

51.384 49.219

29.321 32.736

43.810 44.191

35.323 36.582

35.543 36.871

58.427 54.399

65.254 60.599
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gives faster computations as it uses less memory. Also it uses less training parameters compared

to LSTM and Bi-LSTM model.

Actual and forecasted load values for LSTM model are tabulated in Table 4.3. From the

table it is observed that the predicted values are closer to the actual values and gives a better

result compared to the previous model. The GRU model had the highest value for R-sqaure,

which gives an idea about model accuracy. The R-sqared value of GRU is 0.88 whereas its 0.86

for Bi-LSTM and 0.83 for LSTM.

4.5 Performance evaluation

Accuracy of the forecasting models are of great importance, as decisions are made based on

the forecast. So a comparison study between the different deep learning models was done to

find out the best model for household load forecasting. The values of evaluation metrics are

compared to evaluate the performance of forecasting models. Forecasting are done based on

known time-series data data and the ability of a model to predict the unknown future depends

on its performance.The commonly used evaluation metrics are R-squared, MAE, MSE and

RMSE.

4.5.1 R-squared

Figure 4.4: R squared comparison of models
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R-squared gives an idea about how much variance of the dependent variable can be ex-

plained by the variance of independent variable. Figure 4.4 shows the graphical representation

of R-squared values for different models. Higher the value better the forecast and it ranges from

0 to 1. Mostly values close to 1 are preferred for a good model. R-squared are not ideal in

case of too many independent variables as it does not consider over fitting problems. Here the

R-squared values are 0.83 for LSTM, 0.86 for Bi-LSTM and 0.88 for GRU. So by comparing

the values, the GRU model has the highest score.

4.5.2 MAE

Figure 4.5: MAE comparison of models

MAE gives the average of absolute error, were the error is the difference between actual

value and forecasted value. Lower the MAE value, better the model. Also it does not an

idea about the size error but are compared with other metrics to find if the errors are higher.

Here MAE values for LSTM model is 9.27 , 6.00 for Bi-LSTM and 5.63 for GRU. From the

comparison it is observed that the GRU model has the lowest value. Figure 4.5 shows the

graphical representation of MAE values for different models.
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4.5.3 MSE

Figure 4.6: MSE comparison of models

It is the average of error squares. The quality of the forecasting models are evaluated by

using MSE. The MSE value should be minimum and it gives an idea about the accuracy of the

model. Here Figure 4.6 shows the graphical representation of MSE values for different models,

were MSE value of LSTM is 111.78, 99.32 for Bi-LSTM and 74.38 for GRU. So the GRU

model has the lowest value.

4.5.4 RMSE

It is the square root of MSE. Lower values are desired for better performance. The RMSE

values as shown in Figure 4.7 has the same unit of forecasted value, which makes it easier to

understand than MSE. It is used to make the squared values back to the initial state. Also it

can be compared with MAE value to determine whether the forecast contains errors. LSTM

model has the highest value for RMSE with 10.57 and the lowest for GRU with 8.62 and 9.96

for Bi-LSTM.
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Figure 4.7: RMSE comparison of models

Table 4.4: Model performances

Training Model
Household energy dataset

R-squared MAE RMSE MSE

LSTM 0.839229 9.278283 10.572885 111.78591

B-LSTM 0.861372 6.006122 9.966195 99.32505

GRU 0.883737 5.638088 8.624935 74.38952

In the Table 4.4 the model performances are tabulated and the most suitable method was

found out to be the GRU model. The model accuracy was based on the highest R-squared value

and with least error values for evaluation metrics like MAE, MSE and RMSE.

4.6 Conclusion

The results obtained for different load forecasting models such as LSTM, Bi-LSTM and GRU

are evaluated based on performance metrics. The forecasted load values were then tabulated

against the actual load values, so as to give a better idea about the prediction models. The

performance comparison of various methods was done and the one with better accuracy and

least error was finalized for load forecasting in households using smart meter data.
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Chapter 5

CONCLUSION AND FUTURE SCOPE

Load forecasting in households is very important as it helps to reduce the energy usage and

improve the utilization efficiency. More accurate models are created so as to improve the smart

grid applications and to meet demand side management. It can be used to improve the economic

and environmental factors and helps the power utility companies to reduce the cost of production

and raw materials. This work deals with a novel approach for load forecasting using a household

dataset containing reading around 350 days over a span of one minute. Load forecasting results

depend upon the accuracy of the data inputted, so the best features that are most correlated are

chosen to avoid uncertainty. Load forecasting can be done using various methods like statistical

approaches and new methods like deep learning techniques. Here models like LSTM, Bi-LSTM

and GRU are the main deep learning methods used and their performance evaluation was done

based on error metrics like R-squared, MAE, MSE and RMSE to find out the best model. After

a comparison study using different error metrics, the GRU model was found to have the highest

value for R-squared and lower values for MAE, MSE and RMSE. So it was found that GRU was

the most suitable model for load forecasting. Future works can be done by using hybrid models

for finding out medium and long term load forecasting. Furthermore the forecasting accuracy

and efficiency can be improved by combining various forecasting methods to develop a robust

and stable model.
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