

ENERGY CONSUMPTION PREDICTION BY USING MACHINE LEARNING FOR SMART BUILDING
                                                    ABSTRACT

Building Energy Management System (BEMS) has been a substantial topic nowadays due to its importance in reducing energy wastage. However, the performance of one of BEMS applications which is energy consumption prediction has been stagnant due to problems such as low prediction accuracy. Thus, this research aims to address the problems by developing a predictive model for energy consumption in Microsoft Azure cloud-based machine learning platform. Three methodologies which are Support Vector Machine, Artificial Neural Network, and kNearest Neighbour are proposed for the algorithm of the predictive model. Focusing on real-life application in Malaysia, two tenants from a commercial building are taken as a case study. The data collected is analysed and pre-processed before it is used for model training and testing. The performance of each of the methods is compared based on RMSE, NRMSE, and MAPE metrics. The experimentation shows that each tenant’s energy consumption has different distribution characteristics.
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CHAPTER 1
1.1  INTRODUCTION

Recently, smart building concept has been adapted more frequently as an initiative to create an intelligent space area by taking advantage of the rapid development of computational and communication architecture. This concept is not only limited to Malaysia but other countries as well. General public understanding of smart building concept rotates on the idea of automated process, which is able to automatically control the building’s operation through the usage of instrumentation measures and microcontrollers in two-way communication. Other than automated control, a smart building also consists of an intelligent system which provides energy consumption forecasts as an energy efficiency initiative. This is due to its advantage of yielding economical savings and as a sustainable approach for energy management to minimize energy wastage. A smart energy consumption forecasting is important, especially for buildings as buildings’ energy usage is increasing and almost reaches 40% of primary energy use in developed countries. In Malaysia alone, energy consumption has been increase gradually due to the growth of population. The growth of population lead to the increasing of energy demand in this country and have been estimated to reach 116 million tons of oil equivalents (mtoe) by this year. Energy provided in Malaysia is influenced by the main fossil fuel sources which included coal, natural gas and fuel oil. Buildings which including commercial, residential and industrial in our country utilises a total of 48% of the electricity that have been created. The increasing of energy consumptions towards buildings from day to day create enforcement to this country in managing and reducing the energy consumption as much as possible in order to improve energy efficiency. This study is a continuing research from our previous work where previously statistical analysis and k-nearest neighbour (k-NN) method were proposed as the methodologies and SPSS was used as the platform. In our previous study, only k-NN was proposed as the method to predict energy consumption. It is difficult to know whether the method proposed was the best since there is no comparison had been made. Hence, another two methods from machine learning are added in this study. This research has utilised Microsoft Azure Machine Learning Studio, which is a web service solution for the development of prediction model. Starting from data analysis until performance evaluation, AzureML has been successfully employed for the implementation of energy demand forecasting. A major advantage of using Microsoft Azure over SPSS is it is user friendly and easy to use even the user only has basic knowledge in cloud computing and machine learning. One of the distinguishing features of AzureML was its ability to manoeuvre through a visualization workflow. The workflow that was conducted inside the environment was manipulated through a graphical drag and drop procedure. Other than that, parsing data for experiment was simply done by joining of modules. Additionally, the platform also supports script packages and algorithms written in external programming language, particularly R programming. The development of energy consumption predictive models that use statistical analysis and learning methodology possesses several significant challenges. Attewell and Monaghan (Attewel and Monaghan, 2015) described that statistical prediction is restricted especially in the case of a large dataset with several features, as it requires a higher computational power for modeling. Other than that, the statistical prediction method itself is comparably weak as it performs better only in the case of stationary time series and high similarity of consumption level . Newsham and Birt (2010) also deduced that time series analysis for electricity consumption forecast performance was unsatisfactory due to variables in the chosen attributes. Moreover, the traditional development of a predictive model is usually based on the trend of maximum demand (kW) consumption only, which is known as a time series method. The model development would neglect other electrical parameters such as reactive power changes, which causes the model to be trained only with historical data of maximum demand value. On the contrary, the inclusion of other features of electrical power data would improve the energy consumption prediction. Therefore, machine learning methodology is preferable when developing a predictive model of electrical consumption. Changing from the statistical method to machine learning method itself does not solve all the problems with energy consumption prediction. Missing data that was present on a set of data was well known to cause the performance of the predictive model to deteriorate. This missing data exists usually due to the interconnectivity or sensor problem which is the main complication for smart building energy metering. Additionally, the development of the machine learning model should utilise a cloud-based service to reduce the dependency of prediction on the hardware specifications. Comprehensively, the three critical areas of energy consumption forecast discussed are machine learning prediction methodology, handling of missing data and employment of cloud-based prediction modeling platform which will be the basis of this research. As the main objective of this research is to develop an energy consumption predictive model for smart commercial building by using several machine learning methods in a cloud-based machine learning platform, this research focuses more on the accuracy of the methodology applied in predicting energy consumption. Advances in machine learning studies have a tremendous impact on the field of smart building energy management as it is crucial to reduce energy consumption of various types of building from residential buildings to industrial buildings. Therefore, this study is essential to the following parties such as Ministry of Green Energy and Water (KETTHA) and Malaysia Green Technology Corporations in their determination to analyse energy consumption level of the existing building. It is also helpful to industrial manufacturing company in predicting electrical loading on their system for long range projection, mapping of capacity versus demand and for factory growth projection. Last but not least, academician majoring in engineering field to understand the integration of data science and analytics in engineering projects and higher education students to explore the services and possibility of utilising Microsoft Azure Machine Learning Studio for various projects.
1.2 SCOPE OF THE PROJECT
The work done in this paper falls under the scope of a research project named MiGrid. The project mainly aims at creating a holistic testbed platform that couples smart buildings and renewable energy storage and production. The general architecture of the project is depicted in. 
The testbed has six main components: 
1. Wireless sensors This refers to a set of wirelessly connected sensors forming a Wireless Sensor Network. This is responsible for sensing data in a specifc context. 
2. Wireless actuators These are wirelessly connected actuators that are supposed to translate electrical signals into mechanical actions to act on appliances. 
3. Big data analytics platform This is a platform that takes care of the processing and the storage of data stemming from the entire SG. 
4. NI CompactRIO It is considered as the main controller of the system. It decides on whether to inject the energy produced to the grid, store it, or use it to power loads.
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MiGrid general architecture
1.3 Smart Grids 

By definition, a SG is nothing but an electrical grid that integrates a two-way communication system. In traditional electrical systems, electricity fows in one direction form the power plant to the home or business. The SG comes with an improvement to the network that resides in the on-the-spot feedback about the operations, power interruptions, and electricity consumption. This feedback is given back to the power plant and other operators. The SG has the ability to tune itself to provide a better state of performance, and a better quality of the energy delivered. In addition to that, the SG is capable of anticipating problems and disturbances. Hence, the SG will allow for a more efficient transmission of electricity, lower kilowatt price, and quicker restoration.  

· Physical power assets This consists of the power lines, transformers, etc. The information given by these assets is used by the smart meters and wireless devices, in addition to microgeneration and storage devices. 

· Physical communication assets These are mainly the access and transport network (e.g. fber) in addition to switches and routers. The main end users for this component are home area network. 

· Software and applications This is mainly about the distributed data processing (on-site, of-site, and virtual.
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Smart grid’s components
1.4 Energy management systems 
EMSs are supposed to reduce energy consumption up to 20–30%. They are a set of connected hardware and software that have the following tasks: 

· Monitoring Collection of energy consumption related information in order to establish the basis and clarify the changes in targets. 

· Control Putting in place control algorithms in order to correct any deviations from the target. 
The new EMS definition shows to be more peoplecentric than the older one. It engages users through connecting their actions with the energy consumption. The EMS gets the users involved by displaying their real-time energy consumption. Making the consumers aware of their daily energy usage can have a huge impact on their consuming behaviors. EMSs are also well known for managing Microgrids whereby they have to process large amounts of data stemming from diferent sources. EMSs are supposed to use that data to control and monitor the Microgrid. Customers also can beneft from the EMS as it can provide them useful information inferred from the data generated by sensors (e.g. energy consumption, electricity prices, etc.
1.5 Machine learning 

Machine learning is one of artifcial intelligence (AI) applications. It involves providing systems with the ability to automatically learn and improve based on experiences without previous programming. This learning process is based on the exploration of large amounts of data. Machine learning at its most basic is the practice of using algorithms to parse data, learn from it, and then make a determination or prediction about something in the world. Machine learning is the science of getting computers to act without being explicitly programmed. It is based on algorithms that can learn from data without relying on rulesbased programming. In machine learning, support-vector machines are supervised learning models with associated learning algorithms that analyze data used for classification and regression analysis. Support Vector Machine is to be used in this proposed project as ML. SVM is used to separate the required feature data from collected datum. SVMs are highly robust models for solving non-linear problems and used in research and industry for regression and classification purposes. In the SVM algorithm, we plot each data item as a point in n-dimensional space (where n is number of features you have) with the value of each feature being the value of a particular coordinate. Then, we perform classification by finding the hyper-plane that differentiates the two classes very well. It begins by closely observing the data to look for patterns that would help making better decisions. ML has a set of algorithms categorized as follows:

· Supervised machine learning algorithms It applies what was learnt from past data to predict future events. The system provides, after sufcient training, targets for new inputs. This algorithm has the possibility to compare the predicted output to the actual one. 

· Unsupervised machine learning algorithms It is used when the output needed to train the model is not classifed or labeled. In other words, it infers a structure or pattern from hidden data. 

· Semi-supervised machine learning algorithms These algorithms fall in between the previous two categories as they use both labeled and unlabeled data to train models. 

Artificial Intelligence (Machine Learning) 

Artificial intelligence (AI) is wide-ranging branch of computer science concerned with building smart machines capable of performing tasks that typically require human intelligence. AI is an interdisciplinary science with multiple approaches, but advancements in machine learning and deep learning are creating a paradigm shift in virtually every sector of the tech industry. Norvig and Russell go on to explore four different approaches that have historically defined the field of AI:  

· Thinking Humanly

· Thinking Rationally

· Acting Humanly

· Acting Rationally

The first two ideas concern thought processes and reasoning, while the others deal with behaviour. Norvig and Russell focus particularly on rational agents that act to achieve the best outcome, noting "all the skills needed for the Turing Test also allow an agent to act rationally. Machine learning is an application of artificial intelligence (AI) that provides systems the ability to automatically learn and improve from experience without being explicitly programmed. Machine learning focuses on the development of computer programs that can access data and use it learn for themselves.
1.6 Time series forecasting methods 

Several methods can be used in the forecasting of time series data. Classical time series are somehow sophisticated and perform well on a wide range of problems. In this section, we will be exploring the diferent methods existing. 

1.6.1 Autoregression (AR) 

The Autoregression model (AR) is a model that predicts the behavior by learning from previous ones. It works well with data that is related to entries that precedes it and that follows it. To create the model, only the past data is used, hence the name autoregression. The process of creating the model is nothing but a linear regression between the current data and the past data. The AR model is a stochastic model that has a certain degree of uncertainty and randomness associated to it. This means that the model developed and tested will never deliver a 100% accuracy. It gets only close enough to be used in prediction scenarios. AR models are also referred to as conditional models, Markov models, or transitions. AR(p) models are autoregressive models where specifc values are used to predict other values. The p in AR(p) is called the order, i.e. AR (1) is a regression model that is only interested in values that are one period apart. Eventually, models of second and third orders are related to values of two or three periods apart. 

1.6.2 Moving average 

A moving average (MA) is a well-known indicator that helps smoothing out actions by reducing the noise from random data. It is considered a trend-following because it is based on past data. There are two main moving averages that are widely used: the simple moving average, and the exponential moving average. The simple moving average is the simple average of a security over a defned number of time slots. The exponential moving average focuses on the recent data entries and gives them higher weights. The most common applications of the MA are related to trend direction. This includes determining support and resistance levels. Moving averages are useful enough by themselves, but they can also be combined with other technical indicators to deliver better results.
1.6.3 Autoregression integrated moving average 

Autoregression integrated moving average (ARIMA) models are considered the most general class of time series forecasting models that can be used in conjunction with nonlinear alterations (e.g. logging). There are two main models of ARIMA: seasonal, and non-seasonal models. The main applications of this model are in areas of short-term forecasting which requires at least 40 past data points. It gives better results when the data used is stable over time with a minimum number of outliers. 

1.6.4 Artifcial neural networks 

Artificial neural networks (ANN) are widely used in Machine Learning in general and in time series data forecasting in particular. ANNs are brain inspired and they intend to replicate the way that humans learn. They mainly consist of input and output layers in addition to hidden layers. ANNs are very powerful in finding patterns that are complex and numerous for humans to extract. There are multiple types on ANNs, each one is used in specific scenarios and has a specific degree of complexity. The basic type is called feedforward neural network in which information travels in one direction (from input to output). Another widely used type is the recurrent neural network where data can flow in all directions. This type is used with complex tasks such as learning handwriting, face, and language recognition. Furthermore, convolutional neural networks and Boltzmann machine networks, and many others are used to solve machine learning problems. ANNs learn in the same way that humans do: from past experiences. They require data to learn, and the more data they get, the more accurate the prediction. Data used to train ANNs is usually divided into three subsets: the training set which helps with establishing the required weights, the validation data set which helps fin-tuning the model, and the test set to see if the predicted output matches the actual output. The main challenge that faces ANNs is the time needed to train the model, in addition to the required compute power that is needed for complex tasks. Furthermore, ANNs are considered black boxes that are fed with data to produce a certain output. According to, neural networks perform better than many forecasting methods. Hence, we are opting for ANNs to develop our prediction model for energy consumption. 

1.6.5 Genetic algorithms for tasks scheduling 

A GA is a search method that is inspired by the theory of natural evolution. It mimics the natural selection process by selecting the fittest elements for the production of the next generation. The natural selection process starts by identifying the fittest elements from the initial population. These elements produce what is called the offspring which inherits the characteristics of the parents and will be given to the next generation. If the fitness of the parents is good, the offspring will be better and hence the generations will survive. The same process keeps iterating until a new generation with the fittest elements is formed. This concept can be applied to search problems: a set of solutions is taken into consideration and the best solution is selected. 

The GA goes through fve phases: 

· Initial Population: Each process starts with a set of elements (also referred to as individuals) called population. Each element of the population is an actual solution to the problem. 

· Fitness Function It determines how ft each element is (i.e. its ability to compete with others). The function assigns a fitness score on which the probability of selection is based. 

· Selection In this phase, the fttest elements are selected, and their genes are passed to the next generation. 

· Crossover This is considered the most signifcant phase of the entire process. It consists of randomly choosing a crossover point from the genes of the parents to be mated. 

· Mutation In the of spring formed, some random genes can be subject to a mutation. This means that some of the bits in the string can be fipped. 

The algorithm keeps executing until the population converges (starts producing ofspring that is similar to the previous ones). Then, we can say that the GA has given a set of solutions to the problem.
1.7 Smart building 

Although the term “smart building” (SB) may bring a thought of a fictional smart space from science-fiction movies, but the reality is that SBs exist today, and their number is getting increased. With recent advances in machine learning (ML), big data analytics, sensor technologies and the Internet of Things (IoT), regular buildings can be cost-effectively transformed into SBs with bare minimum infrastructural modifications. 

1.7.1 Need for smart building 

At its most basic, a smart building is one that is using technology to share information about what goes on in the building between systems so as to optimise the building's performance. This information is then used to automate various processes, from heating and ventilation to air conditioning and security. There are smart office, smart library, smart home, smart health care facilities, smart hospital and many other types of SBs that can provide automated services that can provide many value-added services (such as reduction of wasted energy) and also help to ensure the comfort, health and safety of the occupants.
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Block Diagram of Proposed SB Model
1.8 THE PREDICTIVE APPROACH FOR ENERGY CONSUMPTION ANALYSIS

The predictive approach for energy consumption analysis in four different scenarios, which are given as: 
· Machine learning models 
· Deep neural network learning models
· Attribute optimization models 
· Smart city-driven models
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Structured approaches for energy consumption
1.8.1. Machine Learning Models 

Machine learning is a sub-branch of artificial intelligence, and it is a collection of statistical algorithms which are trained from existing data without explicit programming. In general, the AI-displaying approach for building energy utilization is investigated in this sectionas an essential advancement towards the better comprehension of energy utilization. As indicated, building energy utilization can be arranged into three gatherings, i.e., engineering, statistical and hybrid approaches. The engineering approach manages the actual display of energy efficiency utilization by applying the laws of thermodynamics utilizing building structure-level information. This technique isn’t appropriate for application at the metropolitan scale because of its huge information and computational overhead. As such, it is utilized to appraise the energy utilization of small infrastructures accumulated over metropolitan regions. The statistical approach decreases the actual displaying endeavors, and it can give sensible evaluations. This is applied to the commercial structural level energy utilization data sets. AI techniques fall into this classification. Hybrid techniques include a combination of engineering along with the basic statistical methodology. A common element among these three approaches is that the accessibility of the applicable information is restricting. As such, the requirement of valid information is important for any statistical modeling approach or computational learning approach. Our study reviewed the performance of different machine learning techniques and analyzed the impact of these techniques related to energy consumption at the building level. The commonly used machine learning techniques used in the study are XG Boost, Bagging, SVR, KNN, Ada Boost, Linear SVR, ANN, Random Forest, Linear Regression, Ridge Regressor, Elastic Net and Lasso regression. One significant part of machine learning is the model determination. Therefore, in our study, we investigated distinctive machine learning models and attempted to represent a reasonable model for the expansion of the model exhibition to forecast building energy retention and utilization. 

1.8.2. Deep Neural Network Learning Models 

Economic development depends on the annual energy consumption in the residential, industrial and urban sectors. Early machine learning models play a vital role in the analysis of energy consumption modeling. Still, due to the enormous development and rapid increase of the energy consumption data value, the energy demand is growing accordingly. Therefore, the machine intelligence learning models do not effectively forecasting energy retention. As such, in this scenario, deep neural networks or deep learning models effectively work on this large volume of data for analysis. Deep learning turns out to be better because of its efficient strategy for the execution of the internal hidden layers. Moreover, the deep neural network techniques have been used for energy retention analysis and forecasting by applying the following techniques: Convolutional Neural Networks (CNN), Recurrent Neural Networks (RNN), and Long Short-Term Memory (LSTM). The expectation approach is dependent on the deep neural network learning strategy joining genetic algorithm-based calculation with the Long Short-Term Memory approach, we represent this model. The audit found that transformative deep learning models have preferred execution over traditional and standard prediction models on the off chance that energy utilization displays. 

1.8.3. Attribute Optimization Models 

According to, the smart utilization of building structural level energy consumption and optimization is not enough to address the requirements of the planners or stakeholders. As such, building energy consumption analysis also provides a more challenging framework for attribute optimization in energy efficiency modeling. Moreover, in order to overcome the issue of energy optimization in different commercial or residential building structures, some optimization techniques have been used, such as the Genetic Algorithm (GA), Particle Swarm Optimization (PSO) and Evolution Strategies (ES). These strategies are types of meta-heuristic streamlining procedures which are environment propelled in numerical enhancement measures. 

1.8.4. Smart City-Driven Models 

Energy productivity utilization in the public sector is a significant factor in smart cities because buildings are the biggest energy consumers for industrial and commercial buildings. As such, the recent improvement of computational machine intelligence techniques has not been applicable enough in this domain. In this work, we reviewed the ways in which the big data framework is integrated with the machine learning techniques for designing intelligent systems related to the smart city-driven energy consumption models. As indicated by, such an innovative revolution of the energy utilization scheme can build energy effectiveness for society and gives a degree of administration and a better environment for the general public. Online information bases are utilized to look through the exploration of articles in the survey process. The most relevant successions of inclination for the search are journals, book chapters, and conference proceedings. Then, the information is checked in the research articles corresponding to the relevant sectors.
The flowchart presented depicts the methodology followed in collecting the articles for the review. The detailed steps involved in this flowchart for the entire review process of our work are given as: 

Step 1: Searching research articles from the online databases. We collected the relevant journals, conference articles, or book chapters from different databases, such as Science Direct, IEEE Explore, Springer, ACM DL, Taylor and Francis, Google Scholar and others. Among these databases, we surveyed the Direct Science articles for our review process. 

Step 2: In this step, our preference was generally given for journals and conference proceedings from the online databases. If this was fulfilled, then the review process is relevant; otherwise, it was rejected. 
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Flowchart of the review methodology

Step 3: Here, the objective of the review process was defined by using Step 1 and Step 2. Our primary objective was to analyze the different scenarios for energy consumption modeling related to commercial building energy consumption, residential building sector energy analysis, the smart city and energy consumption prospective, the spatial distribution of building energy through satellite imagery, building energy optimization, and modeling. 

Step 4: The use of the relevant methodology for energy consumption modeling. In this step, we reviewed the relevant algorithms or methodologies like AI-Based Algorithms, Machine Learning/Deep Learning Algorithms, Deep Q-learning and the Deep Policy Gradient method, the Optimization Technique, statistical approaches like the ANOVA Technique, and Geospatial Building energy analysis using ML Algorithms. 
Step 5: In this step, we represented the different real-time data sets used to design the energy utilization model. 
Step 6: In this step, our review process was accepted if all of the previous steps were successes; otherwise, it is in the rejected phase.
1.9 Evolution Concerning the Energy Consumption Domain with Predictive Intelligence 

The gradual rise of energy consumption and utilization in the context of predictive intelligence approaches. The energy consumption domain can be systematically aggregated into various elements based on certain parameters. Here, authors intend to analyze the eventual application of predictive models in the energy consumption sector over a period of time. Different elements of analysis are conveyed and organized in the survey process, which includes counting the research articles investigated in different publication platforms, article distribution using machine learning approaches, optimization-based article segregation, research works supported by the smart city and energy consumption perspective, and geospatial data analytics-enabled analysis amongst the categories of survey. A substantial amount of research works relating to the diverse machine learning approaches came into the limelight in the context of energy consumption prediction. It may be inferred that the majority of the usage ofthe relevant predictive intelligence methods in the energy consumption domain are applied to commercial or residential building architectures in urban regions. Furthermore, it was noticed that neural networkbased models and support vector machine variants are the two approaches which are the most widely and successfully implemented machine learning models. Optimization techniques are like a catalyst in enhancing the accuracy of a prediction model. Less significant features are dropped from the dataset using a suitable optimizing method, thereby enhancing the prediction accuracy. Some of these methods are also used along with predictors in the optimization of the energy consumption performance. As many as 15 articles were surveyed that used such optimization algorithms. A genetic algorithm-based optimization was observed to be more frequently used. Fuzzy c-means and PSO methods were other optimization approaches used in the existing studies. Regulating the effective energy consumption is very crucial in populated developed regions, especially in a smart-city environment. With time, a few research works were carried out in this context and a review study was performed to determine the issue of facilitating big data usage and intelligence into frameworks for the regulation of the energy utilization of public region units as a critical piece of smart city management and improvement. Around 10 articles were recorded that discussed the energy retention concern in smart cities.
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Composition of the primary prediction approach type 
The research shows that the overall performance of ANN is the preferable technique used among other categories because of its efficient and reliable prediction approach. Regression models are also used as a long-term building energy prediction approach due to their simple computational strategy and ease of use. SVR algorithms are also used as a good classification task for their prediction accuracy. Other algorithms like the ensemble approach, decision tree, LSTM, and time series approach, etc., can also be used to build an energy consumption analysis.
1.10 Methods of energy consumption modeling using machine learning algorithms 

The growing availability of data from smart meters in combination with data mining allows to optimize the process of power consumption by increasing the level of automation in storage and improving the accuracy of forecasting. The main models used in the assessment of energy consumption profiles are the regression models that relate energy consumption in buildings to such parameters as ambient temperature, humidity, individual characteristics of the building, etc. Data from monthly utility bills have traditionally been used to build such models, but the growth of up-to-date data from smart meters with hourly and 30-minute intervals allows new methods to be developed for more accurate forecasting. However, with the introduction of intelligent technologies for the collection, analysis and control of energy consumption data, significant progress has been made in the development of new methods using machine learning algorithms, among which the most promising in terms of prediction accuracy are the approaches of a family of ensembles algorithms. Ensemble methods create a model that trains several relatively simple models and then combines them to create more complex but with better predictive properties. Well-known learning algorithms used for this purpose, such as regression trees, random forests, bagging, and boosting. Although these machine learning algorithms are used with great success in many areas, they are only beginning to be applied to energy saving modeling problems. For example, in papers  the authors used a random forest to predict the hourly energy consumption, in the random forest algorithm was applied to detect anomalies in the energy consumption of the building. In this paper we propose a new algorithm for selecting and fine - tuning the hyper parameters of the energy consumption model and tested it on the example of conglomerate of the commercial buildings. To solve this task, we used the GBM gradient boosting algorithm and developed algorithms to estimate the accuracy of energy consumption forecasting. Using the decision trees as a regression method has several advantages, one of which is that the splitting rules are an intuitive and simple graphical way to visualize the results. In addition, by their design, they can simultaneously process numerical, categorical and other types of input parameters. They are also robust to outliers and can effectively handle missing data in the input parameter space. The hierarchical structure of the decision tree automatically models the interaction between input parameters and selects a variable, for example, if the input parameter is not used at all during the split procedure, the prediction is independent of that input parameter. Finally, decision tree algorithms are easy to implement and computationally efficient with large amounts of data. The GBM algorithm was first proposed for classification problems. Its basic principle is that several simple models, called "weak learning models", should be combined into a iterative scheme to select parameters in order to obtain a so-called strong learning model", that is, model with better forecast accuracy. Thus, the GBM algorithm iteratively adds a new decision tree at each step in a way that best one reduces the loss function. The algorithm continues to run until the maximum number of iterations is reached or the specified precision is reached. This means that at each new step, the decision trees added to the model in the previous steps are fixed. Thus, the model can be improved in those parts of it where it still does not evaluate residuals well enough. The GBM algorithm is more efficient, if at each iteration the contribution of the added decision tree is taken into account using a certain hyper parameter, that describes one of the important characteristics of the algorithm, namely, the model learning rate 𝜈. One of the problems in choosing the hyperparameter 𝜈 is that in order to achieve the required accuracy 𝜖, depending on the value of 𝜈, an appropriate number of iterations m is necessary. Namely, the smaller the value of 𝜈, the greater the number of iterations 𝑚 necessary to perform. Thus, it is necessary to develop a numerical procedure for the optimal choice of hyperparameters 𝜈, 𝑚 of GBM model. Another problem is the presence of autocorrelation in researched datasets, which, as is known, introduces additional distortions in the model parameter estimates. The solution to the above problems in our opinion is the use of randomization in the process of constructing the GBM algorithm. At each iteration, instead of the entire sample, a subsample, randomly extracted from it, is used to evaluate the decision tree. In practice, however, it is hard to allocate a sufficient number of data points to accurately assess the predictive performance of the models without affecting the quality of the assessment. When the number of observations is not enough, reducing the size of the training set can lead to a significant decrease in accuracy. Therefore, to take into account the influence of the subsample size on the quality of the model fit, it is necessary to use subsamples of different sizes 𝑘. In this situation, to solve the problems we have developed the numerical algorithm for selecting the optimal values of the hyperparameters of the GBM model using the𝑘-fold cross validation and randomization procedure. The 𝑘-fold cross-validation method involves splitting the data set into 𝑘 sub-samples of approximately the same size.
CHAPTER 2
LITERATURE SURVEY

	TITLE
	AUTHOR
	DESCRIPTION

	TensorFlow: Large-Scale Machine Learning on Heterogeneous Distributed Systems
	Abadi, Martín, et al., 2016. 
	A computation expressed using TensorFlow can be executed with little or no change on a wide variety of heterogeneous systems, ranging from mobile devices such as phones and tablets up to large-scale distributed systems of hundreds of machines and thousands of computational devices such as GPU cards.

	Plausibility of multivariate normality assumption when multiply imputing non-Gaussian continuous outcomes: a simulation assessment
	Demirtas, H., Freels, S.A, Yucel, R.M, 2008. 
	Although we discourage its uncritical, automatic and, possibly, inappropriate use, we report that its performance is better than we expected, leading us to believe that it is probably an underrated approach.

	The weight-decay technique in learning from data: an optimization point of view
	Gnecco, G., Sanguineti, M., 2009. 
	Weight-decay regularization is compared with Tikhonov’s regularization of the learning problem and with a mixed regularized learning technique.

	Building energy consumption in Malaysia: an overview
	Hassan, J.S., Zin, R.M., Majid, M.Z.A., Balubaid, S., Hainin, M.R., 2014. 
	The demand for housing is increasing all over the world because of the growing population. This leads to rise in the demand of energy use by the housing occupant’s globally.


2.1 EXISTING SYSTEM

· The prediction performance of the stacking model in contrast with existing well-known prediction models including Random Forest, Gradient Boosted Decision Tree, Extreme Gradient Boosting, Support Vector Machine, and KNearest Neighbor.
· Most of the existing research is based on single or integration models, which lack improvements in the essence of the algorithm.

· Some existing studies have confirmed the effectiveness of using machine learning algorithms to build meta-models of building performance in early building performance evaluation.

· Significant opportunities exist to take advantage of external data sources including real-time occupancy sensor networks, changing space schedules, weather forecasts, grid carbon intensity, and other environmental conditions that could help us better predict space set-points and schedules 24x7.
· Although the term “smart building” (SB) may bring a thought of a fictional smart space from science-fiction movies, but the reality is that SBs exist today, and their number is getting increased.

2.1.1 Disadvantages of existing system

· It describes the different recently created strategies for the simplification of this problem, which deal with the engineering, statistical and artificial intelligence techniques.
· The ANN-based model proved to be more productive than the regression model, and thereby consumed fewer electrical units, as it deals with nonlinear problems in a better way.
· Many building structures’ energy utilization undertakings can be perceived as multi objective optimization problems by reasonably recognizing and confirming the multiple objectives.
· The measure of energy utilized in various regions is impacted by various factors, e.g., water resources, windand temperature.

· A deep learning predictive methodology with a long term transient memory intelligence model for the regulation of energy usage in urban buildings to decrease the information amount and coordinate the inter-building impact with the information-driven energy model.
2.2 PROPOSED SYSTEM
· By integrating the machine learning-based approach with model optimization, we propose one architecture for better energy efficiency analysis and consumption in smart city public sector buildings.

· By integrating the data collection, data pre-processing, data analysis and generation with a deep neural network model, we propose an architecture for better energy efficiency and consumption in urban buildings of smart cities.

· Energy consumption dataset of 300 commercial buildings was used to assess the effectiveness of the proposed algorithm.
· In this paper we propose a new algorithm for selecting and fine - tuning the hyper parameters of the energy consumption model and tested it on the example of conglomerate of the commercial buildings.
· In this paper, we propose a method for estimating the consumption of electric power by large commercial centers and business buildings, based on the GBM gradient boosting algorithm with adaptive tuning of hyper parameters using the 𝑘-fold cross-validation and randomization procedures. 

2.2.1 Advantages of proposed system
· Some of these methods are also used along with predictors in the optimization of the energy consumption performance.
· The performance of an energy consumption predictive intelligence model is dependent on the sample dataset size that is used for the prediction, and the proper selection ofthe deployed model.
· A sensitivity analysis is required to quantify the association between the data size and the prediction model’s performance.

· The role of computational intelligent techniques in developing an intelligent framework for overseeing energy efficiency.
· It is hard to allocate a sufficient number of data points to accurately assess the predictive performance of the models without affecting the quality of the assessment.

· Intelligent energy saving and energy efficiency technologies are the modern large-scale global trend in the energy systems development.

· This led to the use of modern and efficient machine learning methods that provide promising opportunities to obtain more accurate forecasts of energy consumption of the building, and thus increase energy efficiency.

2.3 FEASIBILITY STUDY
The feasibility of the project is analyzed in this phase and business proposal is put forth with a very general plan for the project and some cost estimates. During system analysis the feasibility study of the proposed system is to be carried out. This is to ensure that the proposed system is not a burden to the company.  For feasibility analysis, some understanding of the major requirements for the system is essential.

Three key considerations involved in the feasibility analysis are:

· Economical feasibility

· Technical feasibility

· Operational feasibility

2.3.1 Economical Feasibility
This study is carried out to check the economic impact that the system will have on the organization.  The  amount  of  fund  that  the  company  can  pour  into  the  research  and development of the system is limited. The expenditures must be justified. Thus the developed system as well within the budget and this was achieved because most of the technologies used are freely available. Only the customized products had to be purchased.

The economic feasibility based on the terms of:

· Time

· Cost

· Man power

2.3.2 Technical Feasibility
This study is carried out to check the technical feasibility, that is, the technical requirements of the system. Any system developed must not have a high demand on the available technical resources. This will lead to high demands on the available technical resources. This will lead to high demands being placed on the client. The developed system must have a modest requirement, as only minimal or null changes are required for implementing this system.

2.3.3 Operational Feasibility
The aspect of study is to check the level of acceptance of the system by the user. This includes the process of training the user to use the system efficiently. The user must not feel threatened by the system, instead must accept it as a necessity. The level of acceptance by the users solely depends on the methods that are employed to educate the user about the system and to make him familiar with it. His level of confidence must be raised so that he is also able to make some constructive criticism, which is welcomed, as he is the final user of the system.

CHAPTER 3
SYSTEM SPCIFICATION
3.1 HARDWARE REQUIREMENTS:
· Keyboard
· Mouse
· Hard disk 500GB
· Ram 4 Gb 
3.2  SOFTWARE REQUIREMENTS:
· Operating System : Windows 10
· Language              : Arduino UNO C++
CHAPTER 4
SYSTEM DESIGN AND DEVELOPEMENT
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CHAPTER 5
TESTING AND IMPLEMENTATION

5.1 TESTING

 Implementation is the stage of the project when the theoretical design is turned into a working system. This is the final and important phase in the system life cycle It is actually the process of converting the new system into a operational one.

 5.1.1Unit Testing


Unit testing comprises the set of tests performed by an individual programmer prior to integration of the unit into a larger system. The module interface is tested to ensure that information properly flows into and out of the program unit. The local data structure is examined to ensure that data stored temporarily maintains its integrity during all steps in an algorithm’s execution. Boundary conditions are tested to ensure that the module operates properly at boundaries established to limit or restrict processing. All independent paths through the control structure are tested. All error-handling paths are tested.

5.1.2 Block Box Testing

Black-box testing is a method of software testing that examines the functionality of an application without peering into its internal structures or workings. This method of test can be applied virtually to every level of software testing: unit, integration, system and acceptance. It is sometimes referred to as specification-based testing.

5.2 SYSTEM IMPLEMENTATION
Implementation is the stage of the project when the theoretical design is turned into a working system. This is the final and important phase in the system life cycle It is actually the process of converting the new system into a operational one. 

CHAPTER 6

RESULT AND DISCUSSION 
The results of the experimentation were discussed in sections based on the steps of the predictions’ framework. The pre-processing method and imputation of missing data using modules provided by both Microsoft Azure Machine Learning Studio and Caret Package were discussed in terms of procedure, effects, and importance. The findings regarding energy consumption prediction were reviewed for each tenant and performance comparison was provided for the prediction result of Artificial Neural Network (ANN), Support Vector Machine (SVM) and k-Nearest Neighbour (k-NN). Holistically, utilisation of Azure ML Studio as a forecasting medium was inspected to identify its reliability and compatibility to predict energy consumption. 

6.1. Normality testing of dataset 

For the normality test of the energy demand data, the skewness and kurtosis values were calculated using the aggregate data for each tenant, starting from June 2018 until December 2018. This assessment was intended to analyse whether the shape of data affects the performance of the developed predictive model. The skewness and kurtosis values were computed for all attributes, including the demand. Nevertheless, for Tenant A1, the density was skewed left, as the long tail pointed to the left whereas for Tenant B1, the density was skewed right. Tenant A2 shows asymmetry normal whereby the tails between each end were approximately balanced. Different from Tenant B2, the distribution was highly skewed as the skewness was more than 1 at 1.267578. The density plot of Tenant B2 distribution shows that the density was also bimodal with right-skewed. In terms of kurtosis, from Table 2, Tenant A1, A2 and B1 had excess kurtosis less than 0. This means that the distributions were platykurtic. This characteristic was also observed based on Fig. 3 (A1, A2, B1) whereby the probability density plot has a broader tail, and the peak centre was wider. Contrary to Tenant B2, the excess kurtosis was higher than 0 at 1.824909. This indicates that Tenant B2 distribution was leptokurtic and had a higher variance. From this normality testing, Tenant A1 and A2 had an approximately normal distribution. However, Tenant A1 has a mean value less than the median. Tenant B1 had also an approximately normal distribution but had slightly higher skewness and kurtosis compared to Tenant in department A. Tenant B2 dataset was highly skewed and had a higher variance in comparison with the other tenants. 
6.2. Imputation of missing data 
The study of missing data was conducted inside Azure ML studio whereby Summarize Data module was utilised to determine the amount of missing data and to reveal the rows which have missing data. The diagnosis of missing data was also conducted via observation on the value of other attributes in the same row. Table 3 shows a summary of the analysis. Briefly, the total number of data for A1 is 4666, A2 is 4666, B1 is 4648 and B2 is 4648. Based on Table 3, it was noticed that the dataset only had a missing value for demand, which was the targeted output. It was also observed that Tenant B2 had the highest number of missing data. The identification of the missing data mechanism was made by referring to the power formula and the method of data generation. The voltage and current values were captured by the voltage and current sensors. On the other hand, the values for power demand and power factor were generated bases on analysing the magnitude and waveform for both voltage and current. The electrical power formula also shows that the power value was the multiplication result of the three attributes. This indicates that demand and power factor variables are dependent on voltage and current value. Observation in shows that although power factor, current and voltage attributes had value, the respective demand output was missing. This deduces that the missing value was Missing Completely at Random (MCAR), in which the missingness of demand data does not depend on the observed attributes. The missing value for this data was then imputed using the PPCA method utilising the Clean Missing Data module in Azure ML Studio. Although data MCAR was negligible, the dataset was not ignored as it would discard valuable information. Understanding the mechanism of the missing data has provided proper guidance for the imputation process of missing data. This prevents the missing data from being imputed with the wrong value, which could generate more outliers. Continuing with missing data imputation, Probabilistic Principal Component Analysis was chosen as the configuration for the imputation method utilising AzureML Clean Missing Data module. Fulfilling the objective of this research, the cleaning method was evaluated based on Raw Bias (RB), Coverage Rate (CR) and R-Squared criteria. Table 4 shows the result of the evaluation for each tenant. From the raw biased result, PPCA managed to produce imputation value with a low difference between the mean of the estimated value and the mean of the actual value; this shows that the method was unbiased. Notably, the result for Tenant B2 shows a higher biased in comparison with the result for the other tenants. The coverage rate result shows that 90% of the imputed values fall within the confidence interval. Although it was less than 95%, the coverage rate did not fall below 90%, which in that case will be denoted as poor (Demirtas et al., 2008). The R-Squared result shows the estimated value has a good fit for the actual value.
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Probability density for tenant A1, A2, B1 and B2
6.3. Data pre-processing 

For data pre-processing, it was observed from that the original dataset contained different scale ranges between power factor with current, voltage and demand. The power factor has a value ranging from 0 (min) until 1 (max). However, the current, voltage and demand all have a higher range of scale. After the standardised transformation, the value managed to be scaled within the same range for all attributes and centralised to achieve a mean of 0 and a standard deviation of 1. This is the same for all tenants. 

6.4. Performance evaluation and comparison 

Subsequently, after model training and testing, the predictive model generated was compared in terms of performance between algorithms for each tenant. Initially, the result of the testing was observed by comparing the performance of the methods for individual tenants. The comparison table is as shown in Table 5. From the performance evaluation in Table 5, the SVM method utilising Radial Basis Function kernel had the best performance for Tenant A1 and A2, in which the RMSE value was 4.7506789 and 3.5898263, respectively. Even though SVM had the best performance, the difference between RMSE value in comparison to k-NN method was minor. The MAPE result also indicates that SVM prediction had a lower absolute error percentage. For Tenant B1, k-NN was the best performing method in which the RMSE value was comparably smaller than the other method at 14.934312. However, its absolute error was higher than SVM absolute error. This event happened similarly to Tenant B2. The best performing algorithm was k-NN with 0.5439403 RMSE value, which was smaller compared to the RMSE result for SVM and ANN. However, the MAPE result for SVM was lower than the result for k-NN. As the forecast stated was in terms of the expectation of value, the square error method was a much better evaluation method (Tilmann, 2010). Thus, the k-NN method was denoted as the best performing algorithm for Tenant B1 and B2. Referring to the normalised RMSE result, it can be observed how each of the prediction methods performed differently under different datasets. The performance of every method deteriorated from Tenant A1 until Tenant A2, in which Tenant A2 had the worst performance for every method. Under TNB tariff category, the tenants at both departmental lots A and B were categorised as Medium Voltage General Commercial (Tariff C1). This means that the monthly electricity charges were calculated by acquiring the maximum demand of the month and the kWh (Tenaga Nasional Berhad, 2006). For Tariff C1, the off and on-peak period was not applied to the billing process. Therefore, to predict energy billing thoroughly, the maximum energy demand and the kWh need to be determined. 
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Summary of transform dataset for Tenant A1
For maximum demand, forecasting an expectation of value can be done to predict the maximum demand of the month. However, for the energy consumption (kWh) prediction, the hourly predicted demand needs to be added up. As the average value shows the characteristics of the whole dataset, the average forecasted consumption was quantified and compared with the actual average consumption. The percentage of difference error between the forecasted and actual value would determine the best forecasting method.
The ANN forecasted average consumption had a stagnant peakness in which the forecasted average was almost the same for every month. The SVM forecasted average consumption, on the other hand, had better forecasted performance in which the line graph was much closer to the actual average consumption line graph. The k-NN forecast had a slightly larger error in comparison to the SVM forecasted result. Comparison between predicted and actual consumption for Tenant 2 in that both predictions of average consumption made by k-NN and SVM method had better fit to the actual values than ANN method. In November, it can be observed that all methods forecasted a lower consumption for Tenant A2 than the actual consumption. In, the forecasted average consumption by k-NN and SVM was better than ANN. It was also perceived that all methods did not take into consideration the individual high consumption in the month of June. The performance of all methods in Tenant B1 was approximately similar to the performance of predicted consumption in Tenant B2. Identification of the best method to determine the average consumption on a monthly basis was made by calculating the MAPE value for every month, whereas in the Appendices shows a bar graph that compares the percentage of different errors. a conclusion can be made in which SVM forecasting is the best method to forecast monthly average consumption. The difference between the percentage of error by SVM method with that of k-NN was not significant. From the visual, the average consumption predicted by ANN method had the highest percentage in every tenant. This denotes that ANN method is inferior in comparison to both SVM and k-NN methods. Comparison of the model training time, was conducted to determine the method with the lowest running time. From the tabulation, the SVM method took the longest time to train while k-NN method was the fastest to finish training. ANN method was faster compared to SVM but still took several hours to complete the training. From the performance evaluation and comparison, SVM method was the best method to predict the individual peak energy demand for department lot A, while k-NN was the preferable choice for department lot B. In terms of average energy consumption, SVM method has proven to be the best method to predict the monthly mean value for energy consumption. However, high training time was required for SVM model training to achieve this high performance.
No Free Lunch stated that many scenarios would determine whether a machine learning method would perform much better than the other. In this research, the scenario would be the dataset distribution and the targeted output (max demand or average consumption). Due to the small difference in performance result between k-NN and SVM methods, it can be concluded that both of these methods were excellent prediction methods. The choosing element would be whether the users want a slightly better accurate result or a faster training method. 
6.5. Effect of skewness and kurtosis level on non-parametric classifier 

Observing the performance evaluation of each test method in Table 5 shows that Tenant A1, A2, and B1 result was normal as the RMSE value was not unreasonably small and the absolute error between the forecasted demand to the actual demand was low. On the contrary, Tenant B2 prediction model for each method was considerably poor even by referring the normalised RMSE. From data analysis, it was determined that Tenant B2 dataset was highly skewed, and its kurtosis was leptokurtic, which means presence of high variance in the dataset. Correlating both observations, it can determine that the skewness and kurtosis of a dataset have an effect, especially towards a non-parametric classifier. A non-parametric classifier is an algorithm which falls under probabilistic density supervised classification (Kumar and Sahoo, 2012). This classification model was used if the density function was unknown and does not have a fixed size of parameters. Other than that, the model does not have an initial assumption of the probability density of the dataset (Sampat et al., 2005). During the training and learning process of these algorithms, the parameters increase with the training set. In this research, the model that was used, which are k-Nearest Neighbour, Support Vector Machine with Radial Basis Function kernel, and Artificial Neural Network with Multilayer Perceptron model, is a non-parametric classifier. SVM was initially considered as parametric, but due to the introduction of RBF kernel, the model becomes nonparametric as RBF kernel matrix computes the distance between two pairs of data points (Vasile and Camps, 2013). Skewed and positive/negative kurtosis signifies that the dataset was not normally distributed. Several works of literature described how these properties influence the performance of a non-parametric classifier. Kurtosis level for a dataset has a significant effect on the performance of a nonparametric classifier. This was as indicated by Larasati et al. (2018) in which a leptokurtic type of distribution have a considerably higher chances to be misclassified as it have a higher dispersion of data from the mean value. Another study from the same researcher established the relationship between a skewed dataset and the accuracy of a non-parametric classifier (Larasati et al., 2019). The study concluded that a skewed data does affect the performance of the predictive model, especially the research focussed model, which was artificial neural network. A highly skewed data indicates that the data was unbalanced in which certain classes or output exist much frequently than the other output. Since non-parametric classifier model train by learning the pattern arrangement of the partitioned dataset, data that occurred less frequently was ignored. Therefore, the prediction model performed poorly for a highly skewed dataset. This explanation was further supported by Siddiqui and Ali (2016) in which the study was conducted to determine the performance of nonparametric on a skewed data. The study dictates that a skewed data would require a notable high learning effort for training, consideration for outliers and complicated computation. This requirement thus limits the performance of any non-parametric classifier on skewed data. Non-normal distributed data have shown to have great influence on the prediction model. Therefore, countermeasure needs to be taken to nullify this impact. Based on McCarthy et al. (2019), three techniques were suggested which are using transformation pre-processing for variance stabilizing; binning transformation which fraction the attributes into several group with a proper control of the weight at each range; and combination of both transformation method. 
6.6. Analysis of Microsoft AzureML studio environment 

This research has utilised Microsoft Azure Machine Learning Studio, which is a web service solution for the development of prediction model. Starting from data analysis until performance evaluation, AzureML has been successfully employed for the implementation of energy demand forecasting. In this section, the employment of AzureML was analysed in terms of 3 criteria which are: a) Distinguishing Features, II) System Overview, and III) Experimentation Overview. Thoroughly, this analysis would provide an insight on how reliable and capable AzureML studio for developing a prediction model. 
6.6.1. Distinguishing features 
One of the distinguishing features of AzureML was its ability to manoeuvre through a visualization workflow. The workflow that was conducted inside the environment was manipulated through a graphical drag and drop procedure. Other than that, parsing data for experiment was simply done by joining of modules. Additionally, the platform also supports script packages and algorithms written in external programming language, particularly R programming. In this research, R programming was heavily utilised to conduct prediction modeling such as data preprocessing and model training. The versioning feature of AzureML had helped to reduce the time for experimentation, in which each version of individual experiment information, for instance, parameter settings, was cached. 
6.6.2. System Overview 

Prediction model development inside AzureML has utilised four primary services which are the studio user interface, Experimentation Service (ES), Job Execution Service (JES) and Singe Node Runtime (SNR). The studio interface of AzureML provides important item for model development which include the availability of a significant number of modules and the ability to import and save user assets. In this research, the Summarize Data module, Clean Missing Data module and Execute R Script module were used. Under primary user interface is the ES which is the backend of AzureML. This service is the system that command the interaction between components that were present in the main interface, which include managing the events in the main interface such as data transformation and program execution. Other than that, the ES plays an important role as the repository for all the imported and saved assets, which in this research was the.CSV file containing energy consumption data. JES act as the scheduler that performs the module execution. Responsibility of a scheduler was to track the task execution for each experiment. Inside the workspace of AzureML, modules used for experiment can be placed in parallel with other modules. When this module meets the requirements, such as selection of column to be manipulated, the ES runs the modules while JES scheduled each modules timing to be executed. In this research, cleaning of dataset need to be done before partition the dataset into testing and training. JES ensure that the cleaning process were executed first before the partitioning. The service that run the respective experiment is the Singe Node Runtime (SNR). SNR will receive the task parse by JES and execute the task. All this service works dependent to each other to ensure that the experiment works as desired.
6.6.3. Experimentation Overview 

The experimentation of prediction model development was able to be done using the provided service by AzureML. This includes data import, data analysis, and data manipulation. However, under modeling, parameter tuning, and evaluation, the web service was unable to provide the required service. The algorithm for this research was k-Nearest Neighbour, Support Vector Machine with Radial Basis Function, and Artificial Neural Network with Multilayer perceptron model. AzureML does not provide this particular service, in which SVM model available was only made to provide binary and multiclass classification, not discrete value classification. Moreover, neural network provided was only available for regression and binary classification. Compensating for a low number of available models, AzureML provides Execute R Script module, which solves the problems as R package for modeling was able to be imported into the workspace. Albeit, using external R programming for prediction modeling requires the use of parameter tuning and performance evaluation by executing R codes. Thus, the parameter tuning, model scoring and evaluation module inside AzureML was not utilised. Collectively, AzureML platform provides a reliable and comprehensive environment for prediction model development, provided that the required machine learning algorithm for the development was available. Furthermore, AzureML provides conversion of an experiment into a web service, in which real-time data collection can be input into the workspace. Initially, the utilisation of this service was proposed. But due to Coronavirus 2019 (Covid-19) pandemic, the proposal was withheld, and prediction model development was done by using dataset that have been previously collected instead. 
6.7. Comparison with previous study 

Analysing the result of this study have shown significant discoveries in terms of the performance comparison between k-NN, SVM and ANN in forecasting maximum demand and average monthly demand. Furthermore, the process of prediction model development itself has displayed the capability of AzureML platform in terms of data pre-processing and computational power itself. From these discoveries, a comparative analysis was made with the previous study relating to machine learning. One of the assumptions was made based on the research conducted by Fu et al. (2015), in which the next day electricity load was predicted using the Support Vector Machine algorithm. The input data used was weather predictions and hourly electricity loads from two days earlier. This dataset was separate into training and testing based on the cooling season of the area. Specification on the algorithm used was SVM with Radial Basis Function kernel, which was similar to the kernel used for the SVM model in this research. However, Fu et al. (2015) also tuned the epsilon parameter, ε, other than optimising the gamma, γ, and cost, C, parameter. The case study was also conducted with three different algorithms which are ARIMAX, Decision Tree and Artificial Neural Network, in which prediction of electricity load was made on four different systems, particularly air conditioning, lighting, power and other. The result of the research shows that the SVM method provided a lower error rate prediction for lighting and power, in which the dataset was determine as normally distributed due to a stable electricity load. However, for air conditioning and others, the SVM method has a large error as both the system electricity usage was more complex and stochastic as it was dependent on the occupants’ behaviour. The result has a similar performance result when utilising SVM RBF method in this research. For Tenant A1 and Tenant A2, which have an approximately normal distribution, the best performing model was SVM. The SVM method also have better performance compared to ANN. ANN and SVM methods were significant in this study, as both methods are more complex compared to k-NN. In the previous research regarding the model accuracy analyses for building energy consumption prediction studied by Liu et al. (2019), the SVM method has better accuracy and higher complexity compared to ANN. But when kernel and model were applied, ANN with Multilayer perceptron was more complex than SVM Radial Basis Function. This was as concluded in the short-term load forecasting by El Khantach et al. (2019). In both of this research, the SVM method utilising RBF kernel was better in predicting energy demand. With remarks on the performance analysis tabulated in Table 5, the RMSE difference between k-NN and SVM was small. Compared to the previous study done by Gonz
alez-Briones et al. (2019), the electricity consumption forecasting comparison between SVM and k-NN was considerably small. The research was conducted by learning the energy consumption in a different time granularity from daily, to yearly. The study also conducted prediction using Random Forest, Decision Tree, and Linear regression, in which Linear regression have similar accuracy with SVM at 0.857, while k-NN prediction accuracy was at 0.854, out of 1. Assessment of contrast between present and past research shows similarity in prediction result; nonetheless, this similarity was basically due to the fitting of the dataset to the prediction model assumption. AzureML utilisation in this research was compared to Mateev (2019), whereby the AzureML platform was used to manage smart energy system and predictive analytics. Regarding predictive model development, the study utilised completely the solution provided by AzureML such as Cloud getaway, Data Storage and Prediction Layer. On account of the unavailable required algorithm in AzureML, the present study utilised the R programming inside AzureML instead for prediction model training, testing and evaluation. As AzureML perform model development in the server, the performance of the modeling does not dependent on the hardware system.
CHAPTER-7

CONCLUSION
CONCLUSION
The course of this research has focused on developing an energy consumption predictive model for two commercial departments that have adopted the smart building ecosystem. The energy demand data collected from June 2018 until December 2018 has been analysed and pre-processed for training and testing of the predictive models. Utilising the Microsoft Azure Machine Learning studio (AzureML), statistical analysis of the data collected was made to determine the normality of the dataset. From this analysis, skewness and kurtosis values were acquired and established that all collected data was different in distribution characteristics. Continuing with the process of predictive model development, the data collected was pre-processed through the imputation of missing data using PPCA method and standardisation transformation. The pre-processing was successfully executed inside AzureML environment, in which the resultant processed data had a mean valued at 0 and a standard deviation of 1. An experimentation process was also made to determine the capability of the missing data imputation method. A sampled data with missing value was generated to evaluate the PPCA method, in which it produced a promising result with low raw bias and coverage rate of more than 90% of the actual value. Focusing on the objective of this research, three supervised machine learning prediction methods namely k-Nearest Neighbour, Support Vector Machine with Radial Basis Function kernel, and Artificial Neural Network with Multilayer Perceptron model, were chosen as the algorithm for the predictive model. These methods were successfully compared in terms of their resultant structure and prediction performance. The consequence of the model training and testing shows that each method performed differently for every tenant. SVM method shows the most promising result, whereby it managed to be the best method for 2 tenants which were Tenant A1 and Tenant A2, with RMSE valued at 4.7506789 and 3.5898263, respectively. Furthermore, SVM result also shows a lower mean absolute error for Tenant B1 and Tenant B2 at 12.09 and 43.97, respectively, although k-NN had lower RMSE result for these two tenants. SVM predicted demand also had better accuracy when average consumption was calculated from the demand, in which it achieved a lower MAPE than the rest of the methods for all tenants. All in all, this SVM auspicious result comes with a price, whereby the model developed with the algorithm took 13–18 h to train. In contrast with kNN method that performed slightly worse than SVM, it only took maximum 40 s to train. For this research, Azure ML was employed for all processes and R programming was used extensively for data standardising, model training and testing and finally performance evaluation. Cloud-based predictive model development has its advantage as it does not depend on the performance of the hardware it is running on. Moreover, it could manage to prevent from failing due to sudden hardware shutdown. However, AzureML particularly does not have the right algorithm needed for this research; as a result, R programming was used for the model training and testing and performance evaluation. Holistically, this research was triumphantly conducted and the objectives were achieved. There are a few recommendations for future study that can be done to improve this study. Since the limitation of this study is the time taken to run the algorithm, hence, more powerful computer or platform should be used to run SVM algorithm. Secondly, more variables related and data should be collected as the input since there is limitation in this study on the data collection. Hybrid or ensemble methods can be proposed in the future study as well since it shows more accuracy than a single classifier. This study did not proposed hybrid classifier due to our focus is more on the platform than the method. Lastly, a comparison with another smart building could be added to differentiate the results obtained.
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