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ABSTRACT


 Machine learning (ML) methods has recently contributed very well in the advancement of the prediction models used for energy consumption. Such models highly improve the accuracy, robustness, and precision and the generalization ability of the conventional time series forecasting  tools. This article reviews the state of the art of machine learning models used in the general application of energy consumption. Through a novel search and taxonomy the most relevant  literature in the field are classified according to the ML modeling technique, energy type, perdition  type, and the application area. A comprehensive review of the literature identifies the major ML  methods, their application and a discussion on the evaluation of their effectiveness in energy  consumption prediction. This paper further makes a conclusion on the trend and the effectiveness  of the ML models. As the result, this research reports an outstanding rise in the accuracy and an  ever increasing performance of the prediction technologies using the novel hybrid and ensemble  prediction models.






CHAPTER-1
INTRODUCTION
The energy consumption in residential buildings has significantly increased in the last decade.Energy is an essential part of our lives and almost all things in some way are associated withelectricity [1,2]. According to the report issued by the US Energy Information Administration (EIA),28% growth in global energy demand may occur until 2040 [3]. Due to improper usage, a tremendousamount of energy is wasted annually; hence, energy wastage can be avoided by efficient utilization ofenergy. Smart solutions are required to certify the proper use of energy [4]. An energy consumptionprediction is very significant to achieve efficient energy maintenance and reduce environmentaleffect [5–7]. However, in residential buildings, it is quite challenging as there are many types of buildings and different forms of energy. Also many factors are involved to influence the energy behaviour of the building structures, such as weather circumstances, the physical material used inthe building construction, company behaviour, sub-level systems, i.e., lighting, heating, ventilating, and air-conditioning (HVAC) systems, and the execution and routines of the sub-level components [8]. Technologies based on the Internet of Things (IoT) are immensely significant to comprehend the notion of smart homes. Numerous solutions for obtaining energy consumption predictions in buildings based on the IoT can be found in the literature [9]. Energy management and efficiency is the next most crucial area for IoT applications in South Korea [9]. From 2003, homes in this country have been getting smarter and smarter with the inclusion of remote communication devices. The energy demand in South Korea is growing day-by-day; in 2013 South Korea was the eighth largest energy consuming country. The energy consumption distribution in South Korea is between residential and commercial sectors (38%), the industrial sector (55%), the transport sector (1%), and the public sector (6%) [10] As shown

Many solutions were developed based on machine learning algorithms for energy consumptionprediction. These models use historical data, which reflect process behavior to be modeled [11,12].The machine learning techniques that have been used redundantly for prediction purposes areartificial neural networks [7], adaptive neuro-fuzzy inference system (ANFIS) [13], support vectormachine (SVM) [14], extreme learning machine (ELM) [15], and so forth. The ELM method has someadvantages over the conventional NNs such as they are easy to use, fast learning, provide goodgeneralization results, can easily be applied, and can get least training inaccuracy and minimumnorm of weights [16]. Nowadays the deep learning approaches have also been used in various areasfor prediction purposes [17], such as a deep neural network, deep belief network, and a recurrentneural network. The term of deep learning states the number of layers through which data aretransferred [18]. The deep learning techniques are powerful tools to obtain healthier modelling andprediction performance. The datasets used in References [18–20] for time series predictionapplications do not have a large quantity of data as compared to datasets in the research areas ofimage processing, speech recognition and machine vision. Though, in these applications, the deeplearning methods worked efficiently as compared to the conventional machine learning approachesdue to their slightly deeper architectures and novel learning methods.In this paper, we have proposed a methodology for the energy prediction having four layers,i.e., the data acquisition layer, the pre-processing layer, the prediction layer, and the performanceevaluation layer. We have performed different operations on the data in each layer of the proposedmodel. In the prediction layer, we used the deep extreme learning (DELM) approach for theimproved performance of the energy consumption prediction. The DELM takes the benefits of bothextreme learning and deep learning techniques. The DELM increases the number of hidden layers inthe original ELM network structure, arbitrarily initializes the input layer weights and the initialhidden layer weights along with the bias of initial hidden layer, uses the technique for hidden layers(excluding first hidden layer) parameters calculation, and finally uses the least square technique forFigure 1. Annual energy consumption distribution in the different zones of South Korea [10].Many solutions were developed based on machine learning algorithms for energy consumptionprediction. These models use historical data, which reflect process behavior to be modeled [11,12].The machine learning techniques that have been used redundantly for prediction purposes areartificial neural networks [7], adaptive neuro-fuzzy inference system (ANFIS) [13], support vectormachine (SVM) [14], extreme learning machine (ELM) [15], and so forth. The ELM method has someadvantages over the conventional NNs such as they are easy to use, fast learning, provide goodgeneralization results, can easily be applied, and can get least training inaccuracy and minimumnorm of weights [16]. Nowadays the deep learning approaches have also been used in various areasfor prediction purposes [17], such as a deep neural network, deep belief network, and a recurrentneural network. The term of deep learning states the number of layers through which data aretransferred [18]. The deep learning techniques are powerful tools to obtain healthier modelling andprediction performance. The datasets used in References [18–20] for time series prediction applications do not have a large quantity of data as compared to datasets in the research areas of image processing,speech recognition and machine vision. Though, in these applications, the deep learning methodsworked efficiently as compared to the conventional machine learning approaches due to their slightlydeeper architectures and novel learning methods.In this paper, we have proposed a methodology for the energy prediction having four layers, i.e.,the data acquisition layer, the pre-processing layer, the prediction layer, and the performance evaluationlayer. We have performed different operations on the data in each layer of the proposed model. In theprediction layer, we used the deep extreme learning (DELM) approach for the improved performanceof the energy consumption prediction. The DELM takes the benefits of both extreme learning anddeep learning techniques. The DELM increases the number of hidden layers in the original ELMnetwork structure, arbitrarily initializes the input layer weights and the initial hidden layer weightsalong with the bias of initial hidden layer, uses the technique for hidden layers (excluding first hiddenlayer) parameters calculation, and finally uses the least square technique for output network weightscalculation. We have used the trial and error method to set the best number of hidden layers, a suitablenumber of neurons in the hidden layers, and a compatible activation function. The performance evaluation of the proposed DELM model with an adaptive neuro-fuzzy inference system (ANFIS) andartificial neural network (ANN) regarding energy consumption prediction was carried out.
The rest of the paper is organized as follow. The related work is given in Section 2, a detailed explanation of the proposed model comprised of data acquisition, preprocessing, prediction and performance evaluation modules are given in Section 3. Section 4 discusses the experimental results based on prediction algorithms in detail. The discussion and comparative analysis explanation are provided in Section 5. The paper conclusion and future work are discussed in Section 6.

METHODOLOGY
In this section we introduce both a black-box modeland use a grey-box model in order to estimate the energy consumption of a building.
A. Inputs
Energy forecasting studies that use machine learning are usually intended to predict consumption prioriin order to manage and store a suitable amount of energy, taking into consideration the market prices and also the needs of the buildings. However, our approach is different in the sense that our goal is to quantify the energy savings relative to abase line period as a result of certain experiments related to efficiency improvement. This translates into a difference in the inputs that are avail-able for the prediction. In other scenarios, data concerning energy consumption in previous hours and days is largely useful because it is evidently highly correlated with theater consumption [25]. However, we cannot use such data because, in the case of using this algorithm for a building in which an intervention for energy reduction has taken place, the consumption is likely to be altered by the experiment. Furthermore, in other scenarios, environmental data is not yet available (because they concern the future) and predictions have to be used. When applying predictions to EM&V, environmental and occupation variables are usually available and it is not necessary to predict them. The most commonly used weather information is outdoor dry-bulb air temperature and solar irradiance, but in our case temperature was seen to be sufficient.
B. Proposed models
 Our interest lies in the weekly quantification of energy use. However, daily dynamics are useful since there are patterns that can be found depending on the day of the week. Our model predicts daily energy consumption and thencomputes the metrics in an aggregated manner, signifyingthat the global quantification takes place on a weekly basis.This data is then used to test three approaches:
1) Black-box:Daily aggregate consumption is used asoutput and we attempt to capture the relationship between daily average temperature and consumption by relating thetime series composed of the hourly means of the temperatureand the daily consumption. We then use several machine learning models in order to assess which will be best one for our scenarios. The modelsare generated by following the steps shown below [26]:
•Clean and transform the data: select predictive variables such as temperature and day type, deleting outliers;
•Aggregate: compute daily consumption, create the timeseries with the input variables and represent the series in a lower dimension. That is, apply an hourly average or other representation and feature selection methodsin order to serve as inputs for our models;
•Divide the dataset into train (75 % ) and test (25 %);
•Validation method: 10-fold cross validation and 5 repetitions over the training data set in order to find the hyper parameters of each machine learning algorithm;
•Evaluate: apply the algorithm to the test dataset in order to obtain the metric for the model fitting To the best of our knowledge, our method differs from existing methods as regards the way in which the data is introduced. We relate the input as a time series with a single output. This has been previously done in scenarios in which consumption could be fused as a predictor [27], i.e., in which the energy consumption is not altered by any intervention and the goal is simply to make a prediction of the energya priori, with storage and production intentions. However, this is not possible for EM&V, as is our case, resulting on a new application of the method.
2)  Grey-box:
In order to make use of these models, the set of outputs and inputs have to be defined together with the topology of the system. The most common mathematical representation of lumped parameter models is the state-space representation. The general form for time-invariant models can be written as shown in Eq. where is a vector concerning the states of the model, in our case the temperatures, x′is the derivative (rate of change) of the states, A is a characteristic matrix of the model, B defines the effect of the inputs in the model, and uare the inputs, in our case the outside temperature and gains in electric. In this formulation, represents the variables that are measured, in our case electricity, Cis the identity matrix; and Dis zero in all cases for this work. Using this formulation, every time a solution has to be evaluated, thebuilt-in GNU Octave functionlsimwas used. The conditioning system is governed in our case by thermostat with a timer that turns it on and off. For this reason one need to consider that the RC-network that rep-resents the building needs to change topologies depending on the operation (on or off). We have considered a dual-mode RC-network as the one shown in Fig. 1 and previously introduced by Ramallo-Gonz ́alez on [4]. These Grey-boxmodels have been largely used in the past for building energy simulation. The reader is referred to [22], [21] and[4] for quantitative evidence of the accuracy of these kind of models.

B. Black-box baseline models
Our proposed black-box models are compared with two baseline approaches documented in literature. The first is regression-based electricity load model and the second is a purely machine learning model that uses the inputs only atthe same timestamp as the output.1) Time-of-week-and-temperature (TWT):This algorithm was introduced in [28]. We have chosen it because of its high accuracy, low complexity and low computational cost whencompared with the results of other state-of-the-art methods used in a wide number of buildings [29].In this work the predicted load is the sum of two terms:a “time of week effect” that allows each time of the weekto have a different predicted load from the others, and apiecewise-continuous effect of temperature.The central point of this algorithm is the creation ofseveral coefficients that will be estimated using multifpleordinary least square regression. There will be a coefficient for every “time of the week”. A time of the week is a uniqueinstant of a week (Monday 1am, Monday 2am, and so on).For example, there will be24×5 = 120(24 hours and 5working days) coefficients in the case of hourly predictionsor4×24×5 = 480in the case of 15 minutes prediction.In addition, some coefficients related to the temperatureneed also to be calculated. Basically, the range of outsidetemperature data is divided into 6 levels, each which has acoefficient assigned to it.2) Gaussian:A Gaussian process (GP) modelling frame-work determining energy savings and uncertainty levels inmeasurement and verification (EM&V) practice is presented in [5]. In this work, the authors compare a black-boxapproach to the regular linear regression techniques thatare widely explored in literature and state that GP models can capture both complex nonlinear and multivariable inter-actions and the multi-resolution trends of energy behaviorthanks to the Bayesian approach under which they are developed.

C. Model Accuracy Metrics
This work assesses model accuracy using two metrics: themean absolute percentage of error (MAPE) and the coeffi-cient of variation of the root mean squared error (CVRMSE).The MAPE metric has been used in a wide number ofelectricity prediction studies [30], [31] . It expresses theaverage absolute error as a percentage and is calculated asit follows:MAPE=1nn∑i=1|yi− ̄yiyi|×100,whereyiis the real consumption, ̄yiis the predictedconsumption andnis the number of observations.The CVRMSE has often been used in energy predictionstudies [32] and will also be used also here . It evaluates howmuch error varies with respect to the actual consumptionmean and is calculated as follows:CVRMSE=√1n−1∑ni=1(yi− ̄yi)2 ̄y×100,

CHAPTER 2
2. SYSTEM ANALYSIS
2.1 EXISTING SYSTEM



Nowadays, reliability and sustainability of energy are the two  critical  factors  to  be considered while checking for any energy sources. Also,  increasing  utilization  of  energy  has  led  to development  of  solutions  to  save  electricity. Prediction of energy is one such scheme that help forecast future energy demand in accordance with the current usage and many others conditions. There are many techniques used for prediction of electricity  consumption  like  statistical,  machine learning,  deep  learning,  etc,  but  prediction  with machine learning has gained more popularity.







2.1.1 DRAWBACKS OF EXISTING SYSTEM 

the electricity demand is volatile in nature, it cannot be stored and has to be consumed immediately; so efficient load forecasting of electricity an important challenge in managing supply and demand of the electricity.









2.2. PROPOSED SYSTEM
This study proposes a method for forecasting the energy consumption of residential buildings by using machine learning technique. Here the random forest algorithm for classification is used. Random forest classifier uses multitude of decision trees, making it robust and hence increasing the accuracy. The model include preprocessing the data that is removing unwanted and incomplete data, feature engineering phase in which variables of importance are selected, then learning a classification model includes training a prediction model using historical data, and the experimental evaluation on the dataset for individual household electric power consumption. Experimentation was performed on 5 years consumption data and results produced by the proposed system yield a better performance. The model produces electricity consumption prediction for given date and time.


2.2.1. ADVANTAGES OF PROPOSED SYSTEM

· In electric power systems  many different prediction techniques have been used for achieving   accuracy.   Because   of   its   high performance and accuracy, forecasting of electric energy using machine learning has been of great interest.

· Main focus here was  utilization  of smart meter  data  for forecasting so that energy demands can be managed appropriately.






CHAPTER 5
CONCLUSION 
CONCLUSION

In this paper, we have proposed a proficient predictive model that  efficiently  predicts  the energy demand of future consumption, for every minute  of  historical  data.  Here, conditions that are considered include day, month, year and time of the day. This system can be used for prediction of stable output  value  for  complex  energy demand with high performance, as compared to previous  studies.  Energy  prediction  with  many different  algorithms  of  machine  learning,  deep learning  and  statistical  methods  were  used previously. The random forest algorithm used in our system has also shown a good accuracy of 87.31%
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