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Abstract 

Demand Side Management (DSM) proposes a novel paradigm that generates 

energy savings on the demand side and views energy usage optimization as an alternative 

supply source.  

Appliance Load Monitoring (ALM) is essential for DSM solutions because it 

provides appliance-specific energy consumption statistics. Existing ALM techniques are 

divided into two groups: multi-sensor systems or Intrusive Load Monitoring (ILM) and 

single point sensor systems or Non-Intrusive Load Monitoring (NILM). Non-Intrusive 

Load Monitoring (NILM) is an appealing method for energy disaggregation as it depends 

on a single point of measurement, easy to install and less expensive. 

Hence, in this thesis, the NILM based user-centric demand-side response is 

proposed. The suggested NILM technique based on edge detection is utilized for the 

automatic determination of physical characteristics of power-intensive home appliances 

from users’ life patterns. Then, Elman Neural Network (ENN) is applied in this study to 

predict the next day switching events status as well as total power consumption for the next 

day.  Based on the predicted switching events of controllable electrical appliances such as 

electrical water heater and air conditioner, a Q-learning based day-ahead load scheduling 

scheme is proposed to minimize the energy consumption cost while considering users’ 

satisfaction. 

The experimentation is done on the REFIT dataset which comprises data from 20 

households over two years in the UK. Our investigations into the aforementioned case 

study reveal that the proposed method successfully reduced energy costs and shifted 

appliance usage time intervals to off-peak hours, while also taking into account the 
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satisfaction of both users and energy suppliers. Furthermore, the case study results show 

that the proposed method significantly reduced peak demand, which is a very positive 

result for keeping the power grid stable during operation. 
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Chapter  1: Introduction 

In this chapter, our motivation for focusing on Home Energy Management Systems 

(HEMS) is expressed in Section 1.1. Then, the details of the problem that we focus on is 

provided in Section 1.2 and the objectives of this study are highlighted in Section 1.3. The 

thesis contributions are presented in Section 1.4. Finally, the thesis organization is shown 

in Section 1.5. 

 

1.1 Motivation 

In the 1970s, the Middle East oil crisis, rising land costs, and mounting 

environmental pressure promote power utilities within the US and Canada’s monopoly 

system to consider the following questions: 

1. How to ensure a low-cost power supply? 

2. How to coordinate electricity supply and expand economic production to 

minimize corporate inputs and maximize profits? 

3. How to expand installed capacity or postpone new generation construction and 

satisfy client’s load demand through electricity conservation and change of 

power consumption modes by users.  

These inquiries involved Demand-Side Management (DSM). 

DSM (Demand-Side Management) was created to help solve the problems above. 

DSM fundamentally altered the previous idea of merely increasing energy supply to meet 

demand growth, and instead incorporated demand-side conservable energy into planning 

to enable unified supply-side energy optimization to minimize power utility inputs and 

increase profitability. Through microscopic business behavior, DSM attempts to 
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accomplish the macroscopic effect of reducing demand for primary energy and alleviating 

the pressure that society places on the environment. As a result, numerous governments 

such as Canada have expressed considerable support for DSM. Energy conservation 

regulations, standards, and policies are developed in these countries, and they encourage 

related technical research and the development of high-efficiency and energy-conserving 

products. They also raise public awareness of energy conservation and vigorously 

encourage energy-saving research methods and management modes for resource allocation 

optimization that better meet the needs of modern social development. These measures 

ensure that energy management satisfies the market economy's criteria. 

With the rapid development of the Canadian economy and the continuous 

improvement in living standards, the integration of smart meters in the grid to provide 

detailed consumption information both to the consumers and to the energy provider is 

flavored by the government. Indeed, recent studies have shown that this fine-grained 

information can result in significant energy savings. On the consumer side, understanding 

the energy consumption of individual appliances fosters virtuous behavior toward more 

efficient use of electric energy. According to studies, this can result in savings of more than 

12% with specific appliance feedback and personalized recommendations [1-4]. On the 

energy provider side, fine-grained information enables the prediction of the power demand, 

the application of management policies, and the prevention of overloading or blackouts 

over the energy network. Providing detailed consumption information without the 

installation of multiple dedicated meters necessitates intelligent methods capable of 

inferring the energy consumed by individual appliances with a minimum number of 

metering points. The term "non-intrusive load monitoring" (NILM) refers to a class of 
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methods and algorithms capable of performing this task using electrical parameters 

measured at a single point [5,6]. 

Motivated by this, in this thesis, we tried to focus on the NILM approach to 

investigate which appliances are operating at a certain time instant and how much electrical 

power they are consuming to effectively improve users’ awareness to change their 

consumption behavior while considering their satisfaction which results in monetary 

savings and reduction of the energy required to the provider.  

 

1.2 Problem Statement 

Electrical energy demands from downstream sectors in a smart grid have been 

steadily growing in today's contemporary civilization. In response to Demand Side 

Response (DSR) programs for Demand-Side Management (DSM), one approach to 

satisfying the electrical demands specified is to efficiently monitor and control industrial, 

commercial, and residential electrical equipment. Energy Management Systems (EMS) 

with Non-Intrusive Load Monitoring (NILM) can be used to monitor and manage electrical 

equipment that utilizes electrical energy in fields of interest. NILM method is preferable to 

old-fashioned ILM techniques as it needs fewer financial investments, single-point sensor 

configurations and requires an easy installation. 

Demand Side Response (DSR) programs are designed to actively involve 

customers in modifying their energy use on residential appliances in response to pricing 

signals. Residential appliance scheduling is widely recognized as an excellent strategy for 

effectively controlling domestic energy consumption. Furthermore, establishing a balance 
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between energy consumption costs and user satisfaction is a challenge for residential 

consumers for DSR deployment. 

User satisfaction is a measure or indicator of the degree to which customers or users 

are satisfied with those changes or services. It is a comparison of the user's expectations 

versus his/her experience perception. Users typically own a variety of electrical and 

electronic appliances. Throughout the day, each of these appliances provides a different 

level of comfort and satisfaction to the user. Furthermore, each of the appliances requires 

a different amount of electrical power to function. It is common knowledge that users are 

frequently billed based on their electrical energy consumption and that users frequently 

have a budgeted amount they wish to spend on their energy needs. Given a constraint of 

the peak amount (budget) a user wishes to spend, the general challenge is to determine the 

time and device usage pattern that would give the user maximum satisfaction. 

     For achieving the mentioned DSR scheme which considers costumers’ 

satisfaction, the automatic determination of physical features of power-intensive household 

equipment from users' living patterns should be done using a non-intrusive load-monitoring 

technique. Then, the optimization methods are effective to minimize the energy 

consumption cost while considering users’ satisfaction for DSR implementation. 

Therefore, as stated before, the original purpose of this thesis is to present a Home 

EMS (HEMS) that is focused on the Internet of Things (IoT) which a NILM technique 

based on edge detection is suggested and utilized to model and identify electrical 

appliances in the HEMS for DSM. The second goal is utilizing the Q-learning-based 

optimization in order to optimize the energy bills while considering users’ satisfaction. 
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Our proposed method is constructed of Non-Intrusive Load Monitoring (NILM) 

module based on edge detection for energy disaggregation, a supervised machine learning 

algorithm as a forecaster and a Q-learning algorithm as an optimizer. In the first step, we 

attempt to determine when the appliances are switching ON/OFF by measuring the total 

active power of the entire household. Second, the acquired switching events would be 

utilized as an input for machine learning algorithms including Elman Neural Network 

(ENN) to forecast the next day’s ON/OFF status of each electric appliance in the house and 

the aggregated consumption of all the electric appliances in the house. Finally, the Q-

learning based residential consumer-centric load-scheduling method is proposed to utilize 

the forecasted power and ON/OFF states. It aims to shift the appliance usage period to the 

most optimized and possible off-peak time intervals while considering the appliances’ type 

and users’ satisfaction in order to reduce the electricity bill and decrease peak demand. 

For investigation on the proposed method, the REFIT (Personalized Retrofit 

Decision Support Tools for UK Homes Using Smart Home Technology) Project Electrical 

Load Measurements Dataset is used for case studies in the thesis. The REFIT dataset 

comprises data from 20 households over two years, making it the only UK-based dataset 

with a higher sampling resolution (less than 1 minute interval) that combines large scale 

(20 homes all monitored at the same sampling rate) and long duration. The active power 

measurements of the household as aggregate, as well as 9 appliances, are all recorded at 8-

second intervals in this dataset.  

Our investigations on the mentioned case study reveal that the proposed method is 

successfully decreased the energy cost and shifted the appliance usage time interval to the 

off-peak hours as well as considering the satisfaction of both users and energy suppliers. 
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Moreover, the case study results represent that the proposed method lowered the peak 

demand considerably which is a very positive result to keep the power grid stable during 

its operation. 

 

1.3 Thesis Objectives 

One method to meet the electrical demands is to monitor and manage industrial, 

commercial, as well as residential electrical appliances efficiently in response to Demand 

Side Response (DSR) programs for Demand-Side Management (DSM). DSR schemes are 

designed to actively engage customers in modifying their energy consumption on domestic 

appliances in response to pricing signals. Domestic appliance scheduling is widely 

recognized as an effective strategy for intelligently scheduling domestic energy 

consumption. As a result, monitoring smart meter data and managing electrical appliances 

that consume electrical energy in fields of interest can be realized through the use of Home 

Energy Management Systems (HEMS) with Non-Intrusive Load Monitoring (NILM).  

In this thesis, the first highlighted objective is to propose and use the NILM 

approach to model and identify electrical appliances consumption as well as their ON/OFF 

state for DSM in the HEMS. Secondly, the residential consumer-centric load-scheduling 

method is used to minimize the cost of energy consumption while considering users’ 

satisfaction for DSR implementation. 
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1.4 Contributions 

The four key contributions of this work are listed below, along with summaries of 

each: 

1. Implementation and testing NILM system based on edge detection: 

In this thesis, a NILM system based on edge detection is utilized to automatically 

break down the total power usage to device level by utilizing data collected from 

the smart electricity meter. 

2. The identification of switching events (ON/OFF states) as a unique feature for 

electrical device recognition: 

One of the important objectives of this study is to identify when the devices are 

ON/OFF and how many electrical devices are working simultaneously. 

3. ON/OFF status prediction and load prediction for a day ahead scheduling: 

Elman Neural Network (ENN) is applied in the study to predict the next day 

switching events status as well as total power consumption for HEMS. Predicting 

the next day each appliance’s ON and OFF moments and their operation periods is 

important for us as it provides a vision for the next day’s customer-preferred 

schedules and decisions on how to shift the next day’s consumption profiles while 

considering consumer satisfaction. 

4. Reshape load profiles and reduce peak energy demands by home appliances: 

The most highlighted objective of this thesis is to suggest consumers shift power 

consumption by home appliances to another possible time interval in order to cut 

down on peak energy demands at the end-user side of the power grid. Our method 

not only improves power system stability but also minimizes the cost of energy 
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consumption for the users. It is worth mentioning that the most significant positive 

aspect of this research in comparison with previous studies is to consider 

customers’ satisfaction. The initial result of this study entitled “Non-Intrusive Load 

Monitoring based Demand Prediction for Smart Meter Attack Detection” is already 

published on the 2021 International Conference on Control, Automation and 

Information Sciences (ICCAIS). Also, the journal paper entitled “Reinforcement 

Learning Based User-Centric Demand Side Response with the Support of Non-

intrusive Load Monitoring Systems” is prepared to submit to the IEEE Systems 

Journal in April 2022.  

 

1.5 Thesis Organization 

This thesis is organized into six chapters. The current chapter first discusses our 

motivation and why do we focus on the research about home energy management systems 

(HEMS). Secondly, the detailed problem that we focused on in this thesis is described and 

lastly, our highlighted objective and contribution are explained. 

Chapter 2 starts by focusing on Demand Side Response (DSR) for smart home 

energy management. Then, the summary about Non-Intrusive Load Monitoring (NILM) is 

provided. The literature review on the current existing NILM methods and the importance 

of utilizing NILM instead of Intrusive Load Monitoring (ILM) as Appliance Load 

Monitoring (ALM) method in DSR are discussed. 

Chapter 3 describes the Non-Intrusive Load Monitoring method utilized in this 

thesis. Then, the basic concept of our proposed NILM technique based on edge detection 

https://ieeexplore.ieee.org/xpl/conhome/9624464/proceeding
https://ieeexplore.ieee.org/xpl/conhome/9624464/proceeding
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is discussed. Finally, the status and load forecasting method based on Elman Neural 

Network (ENN) as well as the architecture for Neural Networks are presented. 

Chapter 4 develops the residential consumer-centric energy management model by 

presenting the load scheduling formulations. In the second part of chapter 4, the concept of 

reinforcement learning is summarized with details. The Q-learning method is introduced 

as an optimizer technique in this chapter. Lastly, our proposed Q-learning-based user-

centric demand-side response for optimizing the customer’s energy cost and decreasing 

demand on peak hours while considering the users’ satisfaction is introduced. 

The REFIT dataset which is utilized as the case study in this thesis is introduced in 

Chapter 5. Then the verification of our proposed method and the results of the mentioned 

case study are shown in this chapter. 

Finally, chapter 6 summarizes the main contributions and conclusions of the thesis. 

Some possible methods for future work are discussed in this chapter. 
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Chapter  2: Literature Review 

This chapter supports a high-level overview of Non-Intrusive Load Monitoring 

(NILM) systems and current literature on the topic. Section 2.1 provides an overview of 

the smart home energy management systems. Then, the general framework of NILM and 

the brief literature about the NILM are provided in Section 2.2. Finally, the gap between 

the demand-side response and NILM is analyzed and the recommendation for filling the 

gap is proposed in section 2.3. 

 

2.1 Review on the Concept of Demand Side Response (DSR) for Smart Home 

Energy Management 

The American Electric Power Research Institute (EPRI) originally suggested 

demand-side management (DSM) in the 1980s, which challenged the notion that increasing 

electricity demand could only be satisfied by expanding power generation capacity. DSM 

suggests a novel paradigm that delivers energy savings from the demand side and views 

energy usage optimization as an alternative supply source [7]. Demand Side response 

(DSR) is an essential type of DSM that refers to market participation behavior in which 

consumers take initiative to modify their initial energy consumption habits in response to 

market pricing signals or incentives. DSR has transformed the previous scenario in which 

customers were unable to engage in the functioning of the power system. It also allows 

consumers to play a significant role in controlling market supply and demand [8,9]. DSR 

can lower customers' electricity bills by encouraging them to reduce power use during high-

priced times and increase power consumption during low-priced hours. At the same time, 

DSR helps to improve power system stability by lowering the occurrence probability and 
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frequency of peak load [10]. In general, existing DSR systems are divided into two types: 

incentive-based and price-based programs. These two types of DSR programs are linked 

and can be structured to achieve complementary objectives [11].  

Electricity consumption of a single household is much smaller than that of 

commercial and industry, so the initial research on residential DSR programs is few [12], 

however, as the population and disposable income of people rise, more and more household 

appliances are used. Residential loads have seasonal and daily peak demand characteristics, 

requiring utility providers to enhance their generation capacity to satisfy these occasional 

peak demands that increase the cost of operating a power system significantly [13]. With 

the advent and development of smart homes, it is now feasible to schedule household load. 

By altering the form of the load curve, scheduling household load can achieve power 

supply and demand balance. It also helps to increase energy efficiency and delay grid 

expansion [14]. Thus, it is of great practical significance to carry out optimal scheduling of 

household appliances for smart home energy management. 

Smart Home Energy Management Systems (SHEMS) has been in existence in the 

energy sector for several decades. The monitoring, control, and optimization of energy 

flow and consumption are important functions of such systems [15]. SHEMS offers a wide 

range of applications in the electrical network's generation, transmission, and distribution 

systems. SHEMS is technically made up of five components. The first component is a 

measurement device. It is worth mentioning that measurement devices are essential in 

SHEMS. The introduction of Advanced Metering Infrastructure [16] permits the 

measurement of comprehensive, time-based information as well as the gathering and 

transmission of data to specified destinations on a regular basis. 
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The sensing device is the second component. Household sensors for current, 

voltage, temperature, motion, light and occupancy detection are useful for SHEMS 

applications [17]. Other sensors, such as smoke and epilepsy sensors, are specifically 

intended for health, safety, and security purposes. They detect the necessary characteristics 

at several locations and transmit the signals to a centralized system. Smart appliances can 

be monitored [18], controlled, or programmed to operate at certain times using these 

parameters. 

The third component is ICT enablement [19]. ICT refers to the connecting pin that 

connects the sensor, meters, and devices to the monitoring or control unit. Both wireless 

and wired communication technologies are developed for the integration of various 

domestic devices. Wi-Fi, networking, Home-Plug, and Z-wave are some of the leading 

technologies facilitating home area networks [20]. 

A fourth component is a smart appliance. Smart appliances provide home 

consumers visibility into their energy usage, allowing energy-efficient and eco-friendly 

behavior. They are domestic appliances that have integrated intelligence and 

communication technologies that allow them to be monitored and operated remotely. 

Domestic appliances that have been made smart include washing machines, refrigerators, 

and dishwashers [21]. If smart appliance manufacture and adoption become more 

ubiquitous, we may see home customers reduce consumption on a large scale without being 

excessively inconvenienced. 

The fifth component is the Energy Management System (EMS). There is currently 

no fit-for-all solution as different developers focus on different features. Moreover, each 



 23 

manufacturer's energy management concepts, software platforms, and embedded 

intelligence in SHEMS are unique. 

HEMS is derived from an energy management system (EMS). In the smart home 

sector, EMS has a long history of use. Workable night thermostats have been used as a type 

of automatic energy control since the early 1900s. However, in the 1970s, energy 

management became a major concern because of numerous energy crises, rising costs, and 

the concept of energy conservation. Honeywell created a one-of-a-kind solar energy 

management system based on microprocessor technologies in the 1970s as a key 

contribution to resolving the energy problem. The energy management system was 

significantly altered by technological advancements in the 1980s, notably with the 

introduction of personal computers. Energy management systems developed early on by 

companies like General Electric, Hitachi, Siemens, and Toshiba were based on proprietary 

hardware and operating systems. In the early 2000s, software systems such as UNIX, 

LINUX [22], and Windows-based systems expanded the range of energy management 

system options. 

Developing a functionality and customer-friendly energy management system at 

the home level necessitates a different strategy than the current energy management system 

in distribution and transmission networks. Recent advancements in embedded systems 

technology have improved the functionality of energy management systems even further. 

Many of the bulky, space-consuming solid-state technologies have given way to embedded 

or chip-based systems that are more compact, small, and efficient. SHEMS, like any other 

energy management system, aims to save energy, decrease costs, and increase satisfaction. 
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SHEMS essentially provides five main services: monitoring, recording, control, 

management, and alarms. 

 

2.2 Review on the Concept of Non-Intrusive Load Monitoring (NILM) 

Today, within the transition from traditional fossil-based generation to sustainable 

and energy-efficient generation the energy sector experiences significant changes. The 

digitalization of the energy sector is an example of those current changes which provides 

many advantages for both utility and end consumers. As a result, smart electricity meters 

are currently rolled out in the electricity market whose deployments represent the first step 

into digitalization solutions for many utilities. Smart electricity meters record the 

consumption behavior of the end-user much more detailed than classical electricity meters. 

If these data are processed carefully through robust techniques, they can be utilized for the 

management of the grid and households. 

This has prompted a significant interest for researchers to implement a precise 

demand-response functionality to develop Appliance Load Monitoring (ALM) methods. 

ALM's purpose is to perform detailed energy sensing and provide information on how the 

energy is consumed. This would also allow automated energy management systems to 

profile high-energy-consumption equipment, allowing them to create energy-saving 

techniques like rescheduling high-power-demanding processes for off-peak hours. 

Additionally, businesses would have a better understanding of the connections between 

appliances and their consumption patterns. Because of its usefulness in fault detection and 

remote load monitoring services, ALM is a vital prerequisite for providing energy feedback 

to residential users, but it is also advantageous to the industrial sector. 
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Existing appliance load monitoring methods can be divided into two groups: multi-

sensor systems or Intrusive Load Monitoring (ILM) and single-point sensor systems or 

Non-Intrusive Load Monitoring (NILM). In most multi-sensor setups, a current sensor 

must be installed in line with each device. As a result, a multi-sensor system usually 

measures the power consumption at the source of the load. This device-level data is then 

aggregated at a central location to monitor the entire house. Although the ILM method is 

more accurate in evaluating each appliance’s energy consumption compared with NILM, 

the main disadvantages of this method include significant financial investments, multiple 

sensor configurations and requires a complex installation. 

According to the above-mentioned drawbacks, ordinary homeowners are not 

interested in intrusive signature load monitoring. As a result, nonintrusive load monitoring 

is essential. Non-Intrusive Load Monitoring (NILM) is the procedure of disaggregating 

electrical loads by just examining appliance-specific power consumption signatures within 

aggregated load data measured by a smart meter through a variety of signal processing or 

pattern recognition techniques. It is worth mentioning that this method is considered to be 

non-intrusive as it avoids any equipment installed inside the user’s house. NILM provides 

deeper insight into customers’ consumption behavior and helps suppliers to enhance their 

customer’s satisfaction by providing profound household management and energy 

efficiency plans.  

NILM is not a new concept; over two decades ago, Hart [23] presented a method 

for disaggregating electrical loads by analyzing just the appliance-specific power 

consumption signatures within the aggregated load data. Because the data is obtained from 

the main electrical panel outside the building or house no equipment is installed within the 
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customer's property, it is considered non-intrusive. The objective is to separate the whole 

house building data into its key components. 

This problem can be formulated as follows: The power signals from the active 

appliances aggregate at the entry point of the meter as P(t), where this can be 

mathematically defined as: 

𝑝(𝑡) = 𝑝1(𝑡) + 𝑝2(𝑡) + ⋯+ 𝑝𝑛(𝑡) (2.1) 

where 𝑝𝑖 is the power consumption of individual appliances contributing to the aggregated 

measurement and n is the total number of active appliances within the time period t. The 

NILM's goal is to decompose P(t) into appliance-specific power signals to accomplish 

disaggregated energy monitoring. Electrical loads display a distinct energy consumption 

pattern, referred to as "load or appliance signatures," which allows disaggregation 

algorithms to distinguish and detect appliance operations from aggregated load 

measurements. Appliance identification is highly dependent on load signatures, which are 

further characterized by the appliance category. According to [23] consumer appliances 

can be classified according to their operating states as follows: 

(1) Type-I: These are the appliances that only have two operating modes (ON/OFF). 

Table lamps, toasters, and other similar devices are examples of such equipment. 

(2) Type-II: These are multi-state devices having a finite number of operational states, 

commonly known as Finite State Machines (FSM). This category covers consumer 

appliances such as washing machines and stove burners. These appliances' 

switching patterns are also repeatable, making it easier for the disaggregation 

algorithm to detect their functioning. 
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(3) Type-III: The appliances belonging to this category are also known as Continuously 

Variable Devices (CVD) because of their variable power draw characteristics with 

no fixed number of states. CVDs with little repeatability in their power 

consumption characteristics include the power drill and dimmer lights. As a result, 

disaggregating these types of appliances from aggregated load data is incredibly 

challenging for NILM techniques. 

(4) Type-IV: The authors of [24, 25] have highlighted another group of appliances that 

remain active for weeks or days at a time, using energy at a steady rate and are 

therefore referred to as "permanent consumer devices." This category includes 

equipment such as hardwired smoke detectors, telephone sets, and cable TV 

receivers. 

Figure 2.1 depicts the energy consumption pattern of various types of loads, which 

is then translated as an appliance characteristic to differentiate between different appliance 

categories. So far, research has mostly focused on developing load signatures customized 

to the appliance types described above to define them as accurately as feasible for 

identification. 

 

Figure 2.1 Different Load Types Based on their Energy Consumption Pattern 
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In this part, we will introduce a generic foundation for the NILM system starting 

from data acquisition to appliance recognition, as illustrated in Figure 2.2. 

 

Figure 2.2 General Framework of NILM Approach 

 

Data Acquisition Module: The data acquisition module's function is to capture 

aggregated load measurements at a sufficient rate so that distinct load patterns may be 

detected. There are several power meters designed to measure the aggregated load of a 

building [26], which may be further categorized as follows [27]: 

(1) Low-Frequency Energy Meters: The commercial options on the market today 

provide a variety of sampling frequencies for meters. The sampling rate determines 

the type of information that can be extracted from the electrical signals. The sample 

rate of the energy meter must meet the Nyquist–Shannon sampling criteria to catch 

the higher-order harmonics of the electrical signals, which are integral multiples of 
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the fundamental frequency (i.e., 60 Hz). Traditional power metrics, on the other 

hand, such as real power, reactive power, Root Mean Square (RMS) voltage, and 

current values, can be calculated at a low sample rate (i.e., 120 Hz). The calculated 

metrics are either sent to a backend server through a Network Interface Card (NIC) 

or processed within the meter. High-end NICs can read, write, and report data at up 

to 1 kHz; however, modifications to the metering hardware are necessary to enable 

sampling rates greater than 5 kHz [28]. 

(2) High-Frequency Energy Meters: To capture transient events or electrical noise 

generated by electrical signals, waveforms must be sampled at a considerably 

higher frequency in the 10 to 100 MHz range. Because of the complex hardware, 

these high-frequency energy meters are frequently custom-built and costly, and 

they are customized to the sort of characteristics that need to be retrieved from the 

signal. 

Data acquisition for NILM is further subdivided into whole-house data and circuit-

level data. The standard NILM system makes use of data collected from a single meter for 

the whole house. However, one disadvantage of such a method is that identifying low-

power and variable appliances in the midst of high-power loads from whole-house data 

might be difficult. [29] proposes an alternate method for utilizing circuit-level power 

measurements, as high-power appliances sometimes have a dedicated circuit within 

residences. In comparison to the whole-house NILM, the work of power decomposition 

becomes considerably easier because there are fewer devices on each circuit, but at the 

expense of increased installation complexity and cost. 
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Feature Extraction: Following data capture, the power metrics (e.g., active and 

reactive power) must be processed to recognize events such as appliance state transition 

(e.g., from ON to OFF) from the power measurements. Several event detection approaches 

have been presented in the literature [26, 30–32]. Thus, to describe the detected events, 

steady-state and transient event-based feature extraction methods have been developed. 

Steady-state techniques detect devices based on variations in their steady-state signatures, 

such as a shift in steady-state active power measurement from a high to a low value, which 

can indicate whether the appliance is turned ON/OFF. Transient techniques, on the other 

hand, employ transient signatures to uniquely characterize appliance state changes by 

extracting characteristics from transient waveforms like shape, size, duration, and 

harmonics. There has been some discussion over whether to employ steady-state or 

transient-based feature extraction methods for load disaggregation, as both have 

advantages and disadvantages. Given the expense of the solution, steady-state approaches 

appear to be a more viable option because they require low-cost hardware. 

Load Identification: The extracted appliance characteristics are then evaluated by 

load identification algorithms to determine appliance-specific states from aggregated 

measurements. The majority of NILM method research is focused on supervised machine 

learning approaches that need the labeled data to train the classifier. Currently, the majority 

of supervised learning algorithms adopted for load disaggregation are either optimization 

or pattern recognition based. The optimization technique attempts to match the observed 

power measurements P(t) to a possible combination of appliance power signals (already 

existing in the database) to decrease the matching error [24, 33]. However, in the pattern 

recognition methods, extracted features are matched with a pool of load signatures already 
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available in the appliance feature database in order to identify an event associated with an 

operation of an appliance. 

System Training: System training or a pre-learning phase is frequently required 

for NILM systems. To execute the task of appliance recognition, the supervised 

disaggregation algorithms need enough labeled data for learning the model parameters. 

Training techniques can also be classified as online or offline. Researchers [26, 34] utilized 

time slice or window-based techniques for real-time identification and learning of 

appliance characteristics in the case of online training. However, when load events are 

detected, manual labeling of the appliances is difficult and complex since only aggregated 

load values are seen rather than individual appliance data. Several sensor-assisted training 

techniques are presented in [35–37] to aid in the online training process. The offline 

training technique, on the other hand, acquires aggregated load measurements from the 

target environment for a while, such as particular days or months, as detailed in [38], and 

appliances are labeled based on a pre-existing signature in the database. 

 

2.3 Knowledge Gap Analysis 

2.3.1 Literature Review and Knowledge Gap Analysis in Load 

Disaggregation Methods 

Today, many ways to monitor appliance load have been investigated. As mentioned 

in previous sections, Hart [23] presented a method for disaggregating electrical loads by 

studying only the appliance-specific power consumption profiles within the aggregated 

load data about two decades ago. In terms of steady-state analysis of NILM, real power (P) 
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and reactive power (Q) are two of the most commonly used steady-state signatures in 

NILM [30] for tracking the ON/OFF operation of appliances. 

In [39] researchers have attempted to disaggregate load using real power as a single 

feature and discovered that high-power appliances with distinct power draw characteristics, 

such as electrical heaters and water pumps, can easily be identified from aggregated 

measurements. But the synchronized state transitions of appliances produce incorrect 

results through the use of this method. [38] addressed this issue by demonstrating that high 

power type-I and some type-II appliances can be easily distinguished by analyzing the step 

changes in real and reactive power features. Researchers [40,41] attempted to analyze the 

current I and voltage V waveforms and extract unique appliance specific features such as 

peak and Root Mean Square (RMS) current and voltage values, phase difference, and 

Power Factor (P F) information to uniquely define an appliance activity to overcome the 

limitations of power-based methods. 

The interest in feature extraction methods to acquire non-traditional appliance 

features has been increased, recently. For load disaggregation, it was also recommended to 

combine numerous parameters such as P, Q, harmonics of the appliances, eigenvalues of 

current waveforms, admittance, and so on. It has been suggested that combining 

characteristics increases load identification algorithms' performance. Thus, supervised 

disaggregation approaches for NILM systems can be split into two categories: optimization 

and pattern recognition algorithms. The task of load disaggregation is treated as an 

optimization problem via optimization-based methods. In the case of single load 

recognition, it compares an unknown load's extracted feature vector to known loads in the 

appliance database's pool, attempting to reduce the error between them to discover the 
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closest feasible match. Researchers in [25] have tried different optimization approaches 

including integer programming and genetic algorithms to tackle the optimization problem.  

A pattern recognition-based system is introduced in [42]. This method was applied 

for four summer months for forty properties which the inputs are premise-level load data, 

knowledge about standard appliances, and customer behavior expectations. However, due 

to the necessity of the implementation of at least one sensor per appliance for numerous 

days, this considers as one of the least cost-effective approaches which limit the system's 

applicability in real-world scenarios. [43] use pattern recognition to break down total 

electricity consumption in a house into major end-uses. This work, however, does not 

address appliance profiling and assumes a constant appliance signature, which varies 

depending on the house load and how the appliance is configured. The method has been 

frequently used in NILM research because of its simplicity; nonetheless, the algorithm's 

inability to distinguish appliances with overlapping P-Q characteristics and sensitivity to 

power drifts are two important limitations. 

Researchers have demonstrated that using temporal data in conjunction with real 

power levels can help load disaggregation algorithms. As a result of their capacity to use 

temporal as well as appliance state transition information in their learning, Artificial Neural 

Networks (ANN) and Hidden Markov Models (HMM) have proved to perform well for the 

task of load disaggregation [44,45]. However, as the number of target appliances increases, 

the complexity of the HMM models grows exponentially, limiting the utility of this 

learning strategy. Furthermore, every time a new appliance class is added, the entire model 

must be retrained. ANN, on the other hand, is more extensible, and model performance can 

be increased even more with feedback input. It is worth mentioning, Support Vector 
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Machines (SVM) have demonstrated good performance in categorizing appliances, 

particularly when using harmonic signatures and low-frequency characteristics, as 

documented in [46-48]. 

 

2.3.2 Knowledge Gap Analysis in Demand Side Response (DSR) 

As an unavoidable solution toward new energy management systems, the smart grid 

is a major enabler for smart energy consumption in the future [49, 50]. The significant 

interest in deploying effective energy management on the demand side, due to national 

security concerns and social and economic benefits, stems from smart grid development, 

carbon dioxide emission reduction goals, renewable energy resource integration, limited 

conventional energy resources, and an increasing trend in energy prices [51, 24]. 

The Smart Home (SH) is the primary conceptual paradigm for demand-side smart 

electricity consumption facilitated by the development of a Home Energy Management 

System (HEMS) [49, 51]. As mentioned before, HEMS technology can give mutual 

satisfaction to consumers by satisfying their satisfaction preferences and to utilities by 

assisting in energy conservation initiatives. The growth of an automation network provided 

by HEMS results in an advanced deployment of Appliance Load Monitoring (ALM) as the 

key requirement for implementing the SH platform [51]. It should be emphasized that the 

Department of Energy (DOE) defines SH as being on the cutting edge of technologies with 

wider deployment and cost reduction in the coming years [52]. 

ALM can be performed using both intrusive and non-intrusive methods. In most 

multi-sensor or intrusive setups, a current sensor must be put in line with each device. This 

device-level data is then aggregated at a central location to monitor the entire house. Smart 
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power outlets are the most common commercially available solutions. They assess the 

power consumption at the source of the load and either depict the data on a small display 

immediately attached to the unit or send the data wirelessly to a central display. As a result, 

due to the high cost of sub-metering installations, difficult upgrade settings, and customer 

privacy concerns on one hand, and the integration of enhanced electrical and computer 

engineering tools on the other, the non-intrusive approach is preferred from both academic 

and industrial perspectives [53–55]. NILM also contributes to energy suppliers having a 

deeper insight into their customers' consumption behavior and provides them the 

opportunity to improve customer satisfaction. As a result, both suppliers and end-users can 

benefit from the meaningful information provided by NILM.  

 

2.3.3 Filling the Knowledge Gap Between NILM and DSR 

The approach of disaggregating the total electrical load measured at a single 

location into individual appliance signals and for tracking ON/OFF functioning of 

appliances using a combination of an electrical acquisition device and signal processing 

algorithms is known as non-intrusive load monitoring (NILM). NILM is considered as a 

high-tech viable solution to achieving improved demand-side energy consumption by 

contributing energy usage feedbacks and progressive diagnosis mechanisms. 

Energy management in smart buildings and households, which includes Demand-

Side Management (DSM), peak load reduction, and carbon emission reduction [56], is a 

major part of creating efficient smart cities [57]. As a result, executing efficient energy 

management of household demands and minimizing peak energy demands fulfill the 

rapidly growing demand for efficient smart cities. In a smart grid, minimizing peak loads 
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is more profitable for utilities to fulfill increased energy demands than expanding 

maximum power generating capacity by adding more required power generators of power 

plants. Due to continuously increasing energy demands by consumers, Demand Side 

Response (DSR) strategies that motivate users to re-shape load profiles, as well as limit 

peak energy demands by home appliances through smart meters based on time-based rates, 

are gaining importance in a smart grid. Consumers who respond to DSR signals in 

exchange for a discount on electricity rates, as well as utilities who assure the smart grid's 

unaffected stability, can benefit from DSR as DSM. 

As previously stated, energy efficiency is one of the most important aspects of 

smart buildings and homes. Intelligent energy management, which uses modern IoT 

technologies and data science analytics to reshape load profiles and reduce peak energy 

demands by home appliances via smart meters with time-based rates, unlocks the full 

potential of smart and green buildings and houses. Two of the most widely utilized steady-

state signatures in NILM for tracking the ON/OFF functioning of appliances are real power 

(P) and reactive power (Q). This would help to shift load profiles by home appliances as 

well as cut down on peak energy demands through NILM based User Centric demand Side 

Response considering predictable day-ahead ON/OFF states as well as their related interval 

and users’ satisfaction of using electricity to consumers based on their past trends of 

gathered load data in a smart home environment with minimal user intervention. 

According to the literature, most of the articles focus on NILM for just devise 

monitoring and have not utilize NILM for DSR. Moreover, the majority of DSR schemes 

focus on other method than NILM and have not pay attention to the users’ satisfaction. As 



 37 

a result, we decided to fill the mentioned gap by using NILM based User Centric demand 

Side Response while considering consumers' satisfaction. 
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Chapter  3: Elman Neural Network-Based Non-Intrusive 

Load Monitoring 

In this chapter, we will define the idea and concept of our proposed NILM 

algorithm in this thesis which is based on the edge detection process in Section 3.1 and 

then the description of how to estimate the ON/OFF status and the total power consumption 

of the next day through the use of Elman Neural Network (ENN) are provided in Sections 

3.2 and 3.3. 

 

3.1 Overview of the Importance of ENN based NILM 

From the perspective of both the user and the energy supplier, concerns connected 

to energy conservation and efficiency have taken on a greater significance. Furthermore, 

as energy distribution infrastructures have aged over time, researchers have looked into the 

idea of implementing smart grids, in which a collection of data from detection and network 

management systems may be delivered in addition to electricity. 

Power consumption analysis may provide useful information about the features and 

operational behavior of an electrical system, which can be used to implement management 

strategies and avoid overloading or blackouts on the energy network. Similarly, from the 

standpoint of the user, the energy consumption analysis can anticipate the lifestyle of the 

occupants in a house, allowing policies for favorable time tariffs to be implemented. 

It is shown in the relevant literature that the knowledge of energy usage changes 

users’ behaviors over time. Specifically, the knowledge could lead to reduced energy 

consumption, which saves money and reduces the amount of energy required by the 
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supplier. Furthermore, if this idea is applied to commercial or industrial settings, it may 

result in greater energy savings. 

The availability of energy consumption about the appliances in use can help 

automated optimization techniques in the fight to enhance the energy efficiency of 

residential environments. In fact, load monitoring has become a challenging subject to 

address, and numerous solutions have been investigated. The focus of this research is on 

Non-Intrusive Load Monitoring (NILM) algorithms, which aim to separate the aggregated 

energy consumption signal, measured in a single centralized point, into individual signals 

from each appliance ON/OFF status using simple hardware but smart software techniques. 

This technology eliminates the need for a distributed smart socket grid inside the home, 

resulting in lower installation costs and less intrusive solutions for the end-user. 

 

3.2 Non -Intrusive Load Monitoring (Hart Method) 

As mentioned in Chapter 2, the concept of Non- Intrusive Load Monitoring (NILM) 

was first presented by George Hart in the 1980s at MIT [58]. In a residential building, Hart 

patented a method for determining the operating schedule of individual electrical devices 

[59]. Hart [60] proposed a NILM system that used normalized real power and reactive 

power measurements to estimate the number and character of individual loads by 

examining current and voltage waveforms acquired at the main feed and sampled at 2 kHz 

(Hertz). Computation of active and reactive power was done three times per second 

[60,61]. 

The load disaggregation procedure in Hart's technique begins with detecting the 

times when power measurements change from one almost constant steady-state value to 
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another, which are referred to as events or edges. These steady-state changes (events) are 

defined by their magnitude and sign in real and reactive power, and they correspond to the 

load turning ON or OFF. 

The detected events/edges with equal magnitudes and opposing signs are then 

paired to create a library of operational cycles and each load's power consumption. For 

load disaggregation purposes, a trained algorithm that matches the sample feature with 

known events (previously recorded for each load) is eventually utilized [59,60]. 

 

3.2.1    Basic Concept of Our Proposed Non-Intrusive Load Monitoring 

Algorithm Based on Edge Detection                                                                                                                                                                

The consumption of electricity in a household varies over time depending on how 

particular devices are utilized by the occupants (see Figure 3.1). Switching on a freezer on 

household number one on the REFIT dataset, for example, causes the load curve to change 

as shown. When looking at the consumption data in greater detail, the figure shows that 

there are intervals where the load remains more or less constant at a stable level. The 

change in electricity consumption due to the operation of the freezer is represented by the 

difference in real power (dP) between these levels. 

These factors lead to the proposed algorithm's fundamental notion, which uses an 

appliance signature database to recognize device-switching events in the load curve. 

To begin, we locate time points in the load curve where major changes between 

two levels of power consumption occur. Then, once an edge has been detected, the 

differences in various physical variables between these subsequent stages were computed, 

and then the shift as a possible appliance-switching event was identified. Finally, we 
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compare each of these changes to a known set of differences from an appliance signature 

database, then we map the edge to a specific device based on its load characteristics. These 

processes are depicted in Figure 3.2. 

 

 

Figure 3.1 Key Idea of the Algorithm 

 

(a) 
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(b) 

Figure 3.2 Simplified Overview of the Required Steps to Recognize an Appliance in the Overall 

Electrical Loads (a) calculating deltas (b) recognizing ON/OFF events 

 

As can be seen, we can calculate four deltas from this: 𝑑𝑃1, 𝑑𝑃2, 𝑑𝑃3, and 𝑑𝑃4. 

Each of these deltas represents a potential device ON/OFF event. The algorithm tries to 

match these with a database-stored device signature. For this purpose, each 𝑑𝑃𝑖 entry in a 

column of the matrix on the left represents a delta retrieved from the load curve at the time 

i. 

The operator denotes a detector logic that compares the matrix's rows to the 

signature vector's known deltas. The resulting vector holds the best matching entry, in case 

a matching appliance could be identified. In the example, this means that at time instant 

two and three matching signatures of a known device (a turning ON and a turning OFF 

event) are detected. However, no signature is matching the events at time instants one and 

four. 
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3.2.2 Our Proposed Algorithm Design 

The suggested load disaggregation algorithm consists of six steps that are 

subsequently discussed in this section (Figure 3.3). It follows the early principles 

discovered by Hart but simplifies the signature acquisition process. Moreover, the use of 

smoothing filter is added to the traditional Hart method. 

 

 

Figure 3.3 Overview of the Steps of the Proposed NILM Algorithm 

 

a. Edge Detection: 

The aggregated apparent power was utilized as an input vector to find edges in the 

recorded electricity consumption data that correspond to the appliance switching events in 

this study. The proposed algorithm computes the absolute values of the differences in the 

apparent power between two consecutive values in the data series. If the absolute value of 

a difference is greater than a pre-defined threshold, the value may be considered an edge 
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b. Filtration:  

The reason that we put filtration not at the beginning is that we want to save all 

edges. If filtration is used at the beginning, the probability of missing possible switching 

time would be higher.  Then, there can be much more potential edges than appliance-

switching events using the method explained in the first section, which would result in a 

high number of spurious events. The use of a smoothing filter can aid in the removal of 

these false detections. In order to decrease the number of spurious events, we tested 

different smoothing filters, and finally, median filter is applied. 

 The median filter is a non-linear digital filtering technique. The main idea of the 

median filter is to run through the signal entry by entry, replacing each entry with 

the median of neighboring entries. The pattern of neighbors is called the "window", which 

slides, entry by entry, over the entire signal. For one-dimensional signals, the most obvious 

window is just the first few preceding and following entries, whereas for two-dimensional 

(or higher-dimensional) data the window must include all entries within a given radius 

or ellipsoidal region (i.e. the median filter is not a separable filter)[62].  

It is worth mentioning that we experimented with various thresholds and found a 

filter with the best threshold f_th for each household. Therefore, the threshold for the 

median filter in each household is obtained by trial and error in this thesis and the threshold 

may vary in each household depending on the appliances on the household.  

c. Power Level and d. Delta Level Computation: 

Following the identification of the relevant edges, the next step is to extract power 

levels that connect two edges in the smoothed signal. The algorithm then extracts the delta 

https://en.wikipedia.org/wiki/Digital_filter
https://en.wikipedia.org/wiki/Median
https://en.wikipedia.org/wiki/Ellipsoid
https://en.wikipedia.org/wiki/Separable_filter
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vectors used for matching the edge to a specific device from two consecutive power levels 

separated by an edge. 

Each power level consists of a start and end time, a vector containing component-

wise means of real and distortion power for the beginning and end of the interval (start 

mean (sm) vector and end mean (em) vector), and a matrix containing the real and distortion 

of original power values. All power values' component-wise standard deviations are also 

computed. 

The algorithm computes the difference vector for real and distortion power from 

two consecutive power levels. To record oscillations during an appliance's startup and 

shutdown (for the appliances like a kettle as an example), we also consider the interval 

which takes the kettle to heat up at the start. Then, we calculate not only one difference 

vector for level i to i+1 (e.g., end of level i (emi) – start of level i+1 (smi+1)), but four 

difference vectors di,j that include both the start and end values. Finally, for each edge, we 

add these four vectors to a result matrix that will be used as an input in the next step to 

match the device signatures. The above-mentioned vectors are as below: 

𝑑𝑠−𝑖,𝑠−𝑖+1
⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗  ⃗ = 𝑠𝑚𝑖⃗⃗ ⃗⃗ ⃗⃗  ⃗ − 𝑠𝑚𝑖+1⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗  ⃗ 

𝑑𝑠−𝑖,𝑒−𝑖+1
⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗  ⃗ = 𝑠𝑚𝑖⃗⃗ ⃗⃗ ⃗⃗  ⃗ − 𝑒𝑚𝑖+1⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗   

𝑑𝑒−𝑖,𝑠−𝑖+1
⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗  ⃗ = 𝑒𝑚𝑖⃗⃗ ⃗⃗ ⃗⃗  ⃗ − 𝑠𝑚𝑖+1⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗  ⃗ 

𝑑𝑒−𝑖,𝑒−𝑖+1
⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗  ⃗ = 𝑒𝑚𝑖⃗⃗ ⃗⃗ ⃗⃗  ⃗ − 𝑒𝑚𝑖+1⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗   

(3.1) 
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e. Recognition and f. Labeling: 

The algorithm's recognition part attempts to match known appliance signatures �⃗� 𝑗 

from the signature database with extracted delta vectors 𝑑 𝑖 obtained in the previous step. 

First, the algorithm computes the Euclidean distance between each 𝑑 𝑖  and each �⃗� 𝑗  in the 

two-dimensional vector space. If this is less than a predefined value (r) of the length of �⃗� 𝑗  

plus an oscillation value (osc), a potential match is found: 

‖𝑑 𝑖 − �⃗� 𝑗‖ < 𝑟. ‖�⃗� 𝑗‖ + 𝑜𝑠𝑐 {
𝑖𝑓 𝑡𝑟𝑢𝑒,   �⃗� 𝑗  𝑖𝑠 𝑎 𝑝𝑜𝑡𝑒𝑛𝑡𝑖𝑎𝑙 𝑚𝑎𝑡𝑐ℎ 𝑓𝑜𝑟 𝑑 𝑖

𝑖𝑓 𝑓𝑎𝑙𝑠𝑒, �⃗� 𝑗  𝑖𝑠 𝑛𝑜𝑡 𝑎 𝑚𝑎𝑡𝑐ℎ 𝑓𝑜𝑟 𝑑 𝑖
 

(3.2) 

The oscillation term (osc) is the length of a vector consisting of the maximum standard 

deviation in real power at level i or i+1 as below: 

𝑜𝑠𝑐 = (max (𝑠𝑡𝑑(𝑃 𝑎𝑡 𝑙𝑒𝑣𝑒𝑙 𝑖), 𝑠𝑡𝑑(𝑃(𝑎𝑡 𝑙𝑒𝑣𝑒𝑙 𝑖 + 1)))) (3.3) 

Following that, each  𝑑⃗⃗⃗  𝑖  contains a set of associated potential recognition 

candidates �⃗� 𝑗   from the signature database. It should be noted that this list of possible 

associated recognitions could also be empty. In this case, the corresponding 𝑑 𝑖 could not 

be associated with a known signature. This could be due to a detected edge that does not 

correspond to an appliance switching event, or to the lack of a corresponding signature in 

the database that matches 𝑑⃗⃗⃗  𝑖 . Second, a nearest neighbor match is performed for each �⃗� 𝑗 

over all potentially matching candidates 𝑑 𝑖 that have been associated with �⃗� 𝑗 . Finally, the 

algorithm labels the load profile ON/OFF status with the names of the associated devices.  

The pseudocode for the mentioned steps is as below: It is worth noting that total 

power consumption of the selected house and the power consumption of each appliance in 
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selected house are considered as input for the algorithm. Moreover, this algorithm 

considers all devices as two state ON/OFF devices. 

Table 1 ON/OFF Status Detection Algorithm 

Step 1: Input Data: 

• Total load consumption curve 

• Labeled power of appliances 

• Consumption pattern 

 

Step 2: Noise Cancelling: 

Cancel the lower-frequency portions of the main signal. 

Step 3: Edge Detection: 

For each time slot t, Do: 

   For each appliance a, Do: 

      Find upper and lower edges. 

         If both upper and lower edges exist, Then: 

            Return operational period. 

         Else 

            Ignore the detected edges. 

         End 

   End 

End 

Step 4: Output Data: 

• Number of operation periods 

• Start/End moment of each operation periods 

• Number of Detected appliance 
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3.3 Short Term ON/OFF Status and Load Forecasting Method 

Short-term load forecasting (STLF) is an essential component of energy planning. 

Demand-scheduling for various energy divisions, such as generation, transmission, and 

distribution, is required when designing a time-ahead power market. STLF assists power 

system operators with various power system decisions, such as supply planning, generation 

reserve, system security, dispatching scheduling, demand-side management, financial 

planning, and so on. 

With the advent of statistical software packages and artificial intelligence 

techniques, several outstanding pieces of research have been devoted to statistical [63] and 

computational intelligence (CI) approaches [64] to model future patterns. Auto-regressive 

moving average (ARMA) [65,66], auto-regressive integrated moving average (ARIMA) 

[67], and seasonal ARIMA (SARMIA) [68] are some examples of statistical regression-

based STLF approaches in the literature. Artificial neural networks (ANN) [65], support 

vector machines (SVM) [69], fuzzy logic [70], and other CI-based forecasting techniques 

are widely used. 

In this thesis, we will use Elman Neural Network (ENN) to forecast the total power 

consumption of each household in the REFIT dataset as well as forecast the ON/OFF status 

of each appliance in each household for the next 24 hours. The detail will be provided in 

section 3.4. 

 

3.4 Supervised Machine Learning 

One of the most widely used machine learning approaches is supervised machine 

learning. The supervised learning method learns to map an input to an output based on a 
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series of examples of inputs and their corresponding outputs [71]. As a result, the input and 

output data are paired. For example, for determining the ON/OFF status for the next day. 

The information of each appliance and its ON/OFF intervals consider as input data for the 

supervised machine learning algorithm.  This data is called training data, as the method 

learns from this data. Moreover, the next day status considers as test or testing data consists 

of data that the method is not aware of during training, which is used for evaluating the 

performance of the method. Splitting of data between training and testing ensures a way to 

evaluate the algorithm. Classification and regression are some of the problems solved by 

supervised learning algorithms. There are many other supervised learning algorithms such 

as Naive Bayes, Decision Trees, Linear Regression, Support Vector Machines, Neural 

Networks, etc. We further discuss Neural networks in section 3.4.1. 

 

3.4.1 Neural Networks        

Given the initial response from the NILM algorithm, as mentioned before we 

combined supervised machine learning algorithms to forecast the next 24 hours’ 

consumption and their switching events (their future ON/OFF status) as input for the 

optimization algorithm. In this study, the Elman Neural Network (ENN) is utilized as the 

forecaster. 

Neural networks, also known as artificial neural networks (ANNs) or simulated 

neural networks (SNNs), are a subset of machine learning and are at the heart of deep 

learning algorithms. Their name and structure are derived from the human brain, and they 

resemble the way biological neurons communicate with one another. 

https://www.ibm.com/cloud/learn/machine-learning
https://www.ibm.com/cloud/learn/deep-learning
https://www.ibm.com/cloud/learn/deep-learning
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The first wave of interest in neural networks emerged after the introduction of 

simplified neurons by McCulloch and Pitts in 1943 [72]. Artificial neural networks (ANNs) 

are comprised of a node layer, containing an input layer, one or more hidden layers, and an 

output layer. Each node, or artificial neuron, is connected to the others and has a weight 

and threshold linked with it. If a node's output exceeds a certain threshold value, the node 

is activated, and data is sent to the next layer of the network. Otherwise, no data is sent to 

the network's next layer. Neural networks rely on training data to learn and improve their 

accuracy over time. However, once these learning algorithms have been fine-tuned for 

accuracy, they become powerful tools in computer science and artificial intelligence, 

allowing us to rapidly classify and cluster data. Figure 3.4 depicts a typical artificial neuron 

as well as the modeling of a multilayered neural network. 

 

 

 

(a) 
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(b) 

Figure 3.4 Architecture of :(a) Artificial Neuron and (b) Multilayered Artificial Neural Network 

 

In Figure 3.4, the signal flow from inputs x1... xn is considered unidirectional 

which indicated by arrows, as is the signal flow from a neuron's output (O). The following 

relationship describes the neuron output signal O: 

𝑂 = 𝑓(𝑛𝑒𝑡) = 𝑓(∑𝜔𝑗

𝑛

𝑗=1

𝑥𝑗) 
(3.4) 

where wj is the weight vector and f(net) is an activation (transfer) function. The variable 

net is defined as the scalar product of the input and weight vectors as below: 

𝑛𝑒𝑡 = 𝜔𝑇𝑥 = 𝜔1𝑥1 + ⋯+ 𝜔𝑛𝑥𝑛 (3.5) 

where T is the transpose of a matrix, and, in the simplest case, the output value O is 

computed as: 

𝑂 = 𝑓(𝑛𝑒𝑡) = {1     𝑖𝑓 𝜔𝑇𝑥 ≥ 𝜃
0      𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

 
(3.6) 

where θ is called the threshold level; and this type of node is called a linear threshold unit. 



 52 

3.4.2 Neural Networks Architectures 

The basic architecture is made up of three kinds of neuron layers: input, hidden, 

and output. The signal flow in feed-forward networks is strictly in the feed-forward 

direction, from input to output units. The data processing can extend multiple (layers of) 

units, but there are no feedback connections. In contrast to feed-forward networks, the 

network's dynamical properties are important. In some cases, the activation values of the 

units relax, causing the network to evolve to a stable state in which these activations no 

longer change. In other applications, the changes in the activation values of the output 

neurons are significant enough that the dynamical behavior is the network's output. There 

are several other neural network architectures (Elman network, adaptive resonance theory 

maps, competitive networks, etc.), depending on the properties and requirements of the 

application. 

A neural network must be configured in such a way that applying a set of inputs 

results in the desired set of outputs. There are several methods for determining the strength 

of the connections. One method is to explicitly set the weights based on prior knowledge. 

Another method is to train the neural network by feeding it teaching patterns and allowing 

it to adjust its weights based on some learning rule [73]. Learning situations in neural 

networks can be divided into three types:  supervised learning, unsupervised learning, and 

reinforcement learning [74]. At the inputs of supervised learning, an input vector is 

presented, along with a set of desired responses, one for each node, at the output layer. A 

forward pass is performed to identify any errors or discrepancies between the desired and 

actual response for each node in the output layer. These are then used to calculate net 
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weight changes based on the prevailing learning rule. The term "supervised" refers to the 

fact that the desired signals on individual output nodes are provided by an external teacher. 

The backpropagation algorithm, the delta rule, and the perceptron rule are the most 

well-known applications of this technique. Unsupervised learning (or self-organization) 

involves training an (output) unit to respond to clusters of patterns within the input. In this 

paradigm, the system is supposed to discover statistically salient features of the input 

population. In contrast to the supervised learning paradigm, there is no predefined set of 

categories into which the patterns must be classified; instead, the system must develop its 

representation of the input stimuli. Reinforcement learning is the process of learning what 

to do – that is, how to map situations to actions – to maximize a numerical reward signal. 

The learner is not told which actions to take, as in most forms of machine learning, but 

must instead experiment to determine which actions yield the greatest reward [75]. In the 

most interesting and challenging cases, actions can influence not only the immediate 

reward, but also the next situation and, by extension, all subsequent rewards. The two most 

important distinguishing features of reinforcement learning are trial-and-error search and 

delayed reward. 

 

3.4.3 Elman Neural Network (ENN) 

Elman introduced the ENN as a dynamic regression neural network, in 1990 [76]. 

It can adapt to signals with time-varying characteristics because it can map dynamic 

characteristics by storing the internal status. In general, an ENN has four layers: an input 

layer, a hidden layer, an output layer, and a specific context layer, which is an additional 

layer for the traditional Back Propagation Neural Network (BPNN). Figure 3.5 depicts the 
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structure of an ENN. The input layer is responsible for signal transmission. The output 

layer serves as a linear weighting layer. The hidden layer is a nonlinear activation function 

in the typical sense.  

 

Figure 3.5 The Architecture of Elman Neural Network 

 

The transfer function can be either linear or nonlinear. The hidden layer's training 

output value is stored in the context layer via a recursive connection. The stored value in 

the context layer will be used as feedback in the next training and will be input into the 

hidden layer to influence the training process. The network dynamic memory property is 

provided by the feedback process. The feedback procedure is as follows: 

𝑦(𝑘) = 𝑔(𝜔3𝑥(𝑘)) (3.7) 

𝑥(𝑘) = 𝑓(𝜔1𝑥𝑐(𝑘) + 𝜔2(𝑢(𝑘 − 1))) (3.8) 

𝑥𝑐(𝑘) = 𝑥(𝑘 − 1) (3.9) 

 

where y is the output layer node vector, x is the hidden layer node vector, u is the input 

layer vector, xc is the feedback vector, w1 is the context layer and hidden layer connection 
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weight, w2 is the input layer and hidden layer connection weight, w3 is the hidden layer and 

output layer connection weights, g() is the output neuron transfer function, and f() is the 

hidden layer neuron transfer function. The following equation can be used to evaluate the 

classification performance after using this machine learning method: 

𝐸(𝜔) = ∑[𝑦𝑘(𝜔)

𝑛

𝑘=1

− 𝑦𝑘(𝜔)]2 
(3.10) 

where 𝑦�̅�(𝑤) is the neural network's result and y k(w) is the training dataset. 

 

3.5 Implemented Algorithms for Predicting the Next day Patterns  

Table 2 shows the concept of the prediction method that is implemented in this 

study. The method consists of three main stages. First, the k-means is used to group all 

daily power consumption curves into several clusters in order to assign labels to them for 

the learning and identification process. Secondly, the energy consumption cost, as well as 

the ON/OFF status of the next day, are calculated based on the first step through the 

implementation of Support Vector Regression (SVR) and Elman Neural Network (ENN) 

and the results are compared to achieve more accurate method for daily pattern prediction. 

It is worth noting that just the results for ENN are investigated for the rest of the thesis. 

Lastly, the validity of the results is examined to determine whether the mentioned 

algorithms are suitable for predicting the next-day consumption patterns.  

 

Table 2 Algorithm for Predicting the Consumption Pattern of the Next Day 

Step 1: Input Data: 

• Historical Data 

• Number of estimation points 
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Step 2: Data Clustering: 

Grouping a set of usage data with the same pattern. 

Step 3: Forecasting (ENN): 

Perform a three-layer Neural Network. 

For each time step t, Do: 

Feeding the input and apply learning rule. 

Using training data in learning process. 

Update the connection weights. 

End 

 

Step 4: Testing: 

Testing the Neural Network by 30% of input data. 

Step 5: Error Check: 

For each time step t, Do: 

Calculate error between predicted signal and actual signal. 

End 

Calculate RMSE. 

 

Step 6: Output Data: 

• Predicted load signal for next day 

• Appliances Consumption pattern for next day 
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Chapter  4: User-Centric Demand Side Response (DSR) 

The main goal and overview of our proposed technique for optimization are 

presented in Section 4.1 and 4.2. The load scheduling formulation is provided in Section 

4.3. Then, the comparison between the traditional and smart homes is highlighted in 

Section 4.3. A Q-learning-based residential consumer-centric DSM method is proposed to 

consider predictable day-ahead ON/OFF status and users’ satisfaction of using electricity 

to consumers based on their past trends of gathered load data are explained in the next 

Sections. 

 

4.1 Overview of User-Centric DSR 

As mentioned before, different load assessments have shown that power 

consumption in residential and commercial buildings is very variable and fluctuates 

throughout the day. As a result, conducting effective energy management of household 

demands and minimizing peak energy demands fulfill the constantly expanding demand 

for efficient smart cities. In a smart grid, minimizing peak loads is more profitable for 

utilities to fulfill growing energy needs than expanding maximum power generating 

capacity by adding more necessary power generators of power plants. Motivated by this, 

one of the most important aspects of smart and green buildings and homes is energy 

efficiency. Intelligent energy management, which uses modern IoT technologies and data 

science analytics to reshape load profiles and reduce peak energy demands by home 

appliances via smart meters, unlocks the full potential of smart and green buildings and 

houses. 
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4.2 Residential Consumer-Centric Energy Management Model 

Figure 4.1 depicts an overview of the residential consumer-centric DSM model. 

Edge computing, a way of optimizing cloud computing technologies by driving 

computational capabilities at the edge, can be added to the model.  The model consists 

primarily of a smart meter that receives DSR signals from utilities via a wide area 

network/advanced metering infrastructure for DSM, a home gateway that acts as a well-

known Energy Management Controller (EMC) and is implemented on an embedded system 

in or a laptop computer in this thesis, and home appliances that are monitored and 

optimized for substantial electricity cost savings while taking user satisfaction preferences 

into account. A wireless communication network/wireless home area network was built 

and is utilized to send load data from monitored home appliances to the central EMC for 

DSR implementation. 

The energy disaggregation created based on edge computing is used in this research 

to automate the estimation of operational characteristics of monitored home appliances 

based on human life patterns/load profiles. Moreover, the proposed constrained residential 

consumer-centric DSM method for electricity cost versus dissatisfaction minimization 

along with peak demand reduction is implemented in MATLAB. 
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Figure 4.1 Schematic Diagram of the Residential Consumer-Centric DSM Model Enabling Utilities 

and Consumers to Operate their Energy Management Schemes 

 

4.3 Load-Scheduling Formulation 

The proposed residential consumer-centric DSM based on Non-Intrusive Load 

Monitoring in this thesis aims to optimize both electricity costs and user satisfaction while 

adhering to all operational constraints of appliance models. The following is a description 

of an appliance model. 

Consider that there are n schedulable home appliances that are monitored and 

enrolled in DSR programs. One day is divided into 24 hours, resulting in a total of T time 

slots. A schedulable home appliance model can be represented by a tuple: (𝛼𝑖, 𝛽𝑖, 𝑙𝑖 , 𝑠𝑖, 𝛿𝑖). 

Where [𝛼𝑖 , 𝛽𝑖] denotes the time frame in which the ith schedulable home appliance in a 

smart home setting was identified and statistically predicted for use through an energy 

disaggregation analysis [83]. 𝑙𝑖 is the length of time the load is present in the i th schedulable 

household appliance. It's important to note that 𝛽𝑖 − 𝛼𝑖 must be bigger than or equal to 𝑙𝑖. 

It must also be less than or equal to T. The time interval [𝛼𝑖, 𝛽𝑖 − 𝑙𝑖] accounts for the period 
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when the i th schedulable household appliance is turned on for the first time. By introducing 

a marginal parameter, 𝛿𝑖, 𝑠𝑖 of the i th home appliance that is valid to be optimized falls 

into the time interval [𝛼𝑖 − 𝛿𝑖 , 𝛽𝑖 − 𝑙𝑖 + 𝛿𝑖]. 

Now, Equation (4.1) clarifies the mathematical formulation of the objective 

function in this thesis that is subject to operational constraints to the non-intrusive 

monitoring-based home consumer-centric DSM. 

𝑀𝑖𝑛𝑖𝑚𝑖𝑧𝑒    𝜔1 . ∑ [(∑𝑃𝑟𝑎𝑡𝑖𝑛𝑔
𝑖

𝑛

𝑖=1

 . 𝑥ℎ
𝑖 )] . 𝜂ℎ

𝐻=24

ℎ=1

+ 𝜔2 .∑|𝑠𝑖 − 𝛼𝑖|

𝑛

𝑖=1

 

𝑠. 𝑡                  𝑠𝑖 ∈ [𝛼𝑖 − 𝛿𝑖,, 𝛽𝑖 − 𝑙𝑖 + 𝛿𝑖] 

(4.1) 

 

Equation (4.1) depicts the to-be-optimized objective function, which is made up of 

the electricity cost and user satisfaction. In Equation (4.1), the two objectives are weighted 

sum fused into one single goal. The Q-leaning optimises both objectives at the same time. 

The two objectives can be assigned to the weights 𝑤1  and 𝑤2 , respectively. Weight 

coefficients range is from 0 to 1, with  𝑤1 + 𝑤2 = 1 in the normalized mode. 𝜂ℎ  in 

Equation (4.1) denotes the hourly electricity expense which helps to avoid the outcome of 

peak demands during the optimization process so that the un-jeopardized stability of the 

power grid remains to utilities. 𝑃𝑟𝑎𝑡𝑖𝑛𝑔
𝑖  denotes the power rating of the i th household 

appliance in Equation (4.1). 𝑥ℎ
𝑖  determines whether the ith home appliance is in operation 

for period h or not and belongs to {0, 1}. To reduce customer frustration, the limits in 

Equation (4.1) imply that the operating length of scheduled home appliances in time 

duration is all complete/satisfactory. That is, the home appliances scheduled for operation 

complete their tasks on time. 
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The first objective of the problem in Equation (4.1) is applied by the 𝜂ℎ in order to 

minimize the electricity cost. Moreover, the second goal is a shifted control of |𝑠𝑖 − 𝛼𝑖|, 

which considers consumer satisfaction with electricity use. The marginal parameter 

δi indicates that the ith schedulable home appliance that falls within the time interval [αi − 

δi, βi − li + δi] is valid for scheduling/optimization. 

Through the Q-learning optimization process, it aims to reduce the total electricity 

cost. Furthermore, the total energy consumption of home appliances is assumed to be the 

same whether the suggested limited Q-learning-based residential consumer-centric DSM 

technique is used or not for customer satisfaction. 

During the optimization procedure in this study, the following two constraints are 

also made and satisfied. The scheduled household appliances cannot be interrupted. 

Second, the overall ampacity of the circuit breaker(s) in the household's main electrical 

panel must not exceed the ampere capacity of the circuit breaker(s) throughout the 

optimization process. 

 

4.4 A Typical Smart Home Model 

Energy companies who are responsible for the distribution of electricity pay special 

attention to lowering the consumers’ consumption expenses and increasing the power 

system reliability while considering the environmental effects. In this regard, one important 

factor which can broadly affect the consumption price is optimizing the customers’ 

consumption pattern. As mentioned before, Demand Side Response (DSR) schemes are 

designed to actively engage customers in modifying their energy consumption. This 

technique basically, optimizes the load peak by transferring some load in peak time to 
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another off-peak time in which the load on the grid is lower. One important point to 

consider is that Demand Side Response (DSR) schemes should take customer satisfaction 

into account as well. In recent years with advancements in technology, the researchers 

focus on implementing DSR in smart homes. In this section, we will focus on an example 

of a smart home system. 

Equations, 4.2 to 4.20, define smart households compared with conventional 

households [97]. The satisfaction rate of each customer is given in Equation 4.2. 

𝐷 𝑛,𝑥,𝑡𝑠𝑐
𝐴𝑝𝑝

and �̃�𝑛,𝑥,𝑡,𝑠𝑐
𝐴𝑝𝑝

are the desired consumption pattern and obtained consumption pattern 

respectively for each appliance. MDL is the maximum dissatisfaction level of each 

customer and 𝑤𝑥  defines the weight of each appliance that shows their importance in 

scheduling. Moreover, Equation 4.3 states that the satisfaction rate of customers should 

exceed a predefined certain value. 

𝑈𝐶𝐿𝑛 = ∑𝜌𝑠𝑐 (
∑ ∑ 𝑤𝑥(𝐷𝑛,𝑥,𝑡,𝑠𝑐

𝐴𝑝𝑝 − �̃�𝑛,𝑥,𝑡,𝑠𝑐
𝐴𝑝𝑝 )

2

𝑥𝑡

𝑀𝐷𝐿
)      ∀𝑛 ∈ 𝛬𝑆𝑚𝑎𝑟𝑡

𝑠𝑐

 

(4.2) 

𝑈𝐶𝐿𝑛 ≥ 𝑈𝐶𝐿𝑀𝑖𝑛                  ∀𝑛 ∈ 𝛬𝑆𝑚𝑎𝑟𝑡 (4.3) 

Equations 4.4 and 4.5 compare the total power consumption of the conventional 

and smart houses. On one hand, according to Equation 4.4 the total power consumption of 

the conventional houses includes one fixed load and a load of uncontrollable appliances. 

An important point is that conventional home customers can modify consumption patterns 

at only around 10 percent. On the other hand, the power consumption of smart houses 

includes a fixed load and load of controllable appliances. As a result, smart homes 

consumers can have better participation in the DSR program due to having controllable 

appliances. The power consumption of each controllable appliance can be obtained through 
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Equation 4.6.  𝐸𝑥
𝐴𝑝𝑝

and 𝑈𝑥
𝐴𝑝𝑝

are the power consumption of the appliances and their 

operation time respectively. 𝐼𝑛,𝑥,𝑡,𝑠𝑐
𝐴𝑝𝑝

 is a binary parameter that demonstrates the ON/OFF 

status of each appliance. Equation 4.7 controls the number of ON/OFF intervals of each 

appliance. 

𝐷𝑛,𝑡,𝑠𝑐 = 𝑁𝐶𝑛 (𝐷𝑡,𝑠𝑐
𝐹𝑖𝑥 + ∑�̃�𝑛,𝑥,𝑡,𝑠𝑐

𝐴𝑝𝑝

𝑥

) + 𝐷𝑅𝑛,𝑡,𝑠𝑐
+ − 𝐷𝑅𝑛,𝑡,𝑠𝑐

−         ∀𝑡, 𝑠𝑐, 𝑛

∈ 𝛬𝑇𝑟𝑒𝑑𝑖𝑡𝑖𝑜𝑛𝑎𝑙 

(4.4) 

𝐷𝑛,𝑡,𝑠𝑐 = 𝑁𝐶𝑛 (𝐷𝑡,𝑠𝑐
𝐹𝑖𝑥 + ∑𝐷𝑛,𝑥,𝑡,𝑠𝑐

𝐴𝑝𝑝

𝑥

)          ∀𝑡, 𝑠𝑐, 𝑛 ∈ 𝛬𝑆𝑚𝑎𝑟𝑡 
(4.5) 

𝐷𝑛,𝑥,𝑡,𝑠𝑐
𝐴𝑝𝑝 =

𝐸𝑥
𝐴𝑝𝑝

𝑈𝑥
𝐴𝑝𝑝 𝐼𝑛,𝑥,𝑡,𝑠𝑐

𝐴𝑝𝑝                  ∀𝑡, 𝑠𝑐, 𝑥, 𝑛 ∈ 𝛬𝑆𝑚𝑎𝑟𝑡 
(4.6) 

∑ 𝐼𝑛,𝑥,𝑡,𝑠𝑐
𝐴𝑝𝑝

𝑡∈[𝛼𝑥,𝛽𝑥]

= 𝑈𝑥
𝐴𝑝𝑝                 ∀𝑠𝑐, 𝑥, 𝑛 ∈ 𝛬𝑆𝑚𝑎𝑟𝑡 

(4.7) 

The appliances in the smart home based on their application are divided into 3 main 

groups. Equation 4.8 models the first group of appliances. The first group of appliances is 

operated continuously and there is no interruption in their operation. Equations 4.9 to 4.14 

represent the appliances of the second and third groups. In the second group, the switching 

moment depends on the OFF moment of another appliance. Moreover, the third group 

follows the same rule as the second but the gap between the switching moment of two 

appliances cannot exceed a certain time. Equation 4.9 is showing that under which 

condition the second appliance can switch. 𝐼𝑛,𝑦,𝑡,𝑠𝑐 
𝐴𝑙𝑙𝑜𝑤 is a binary parameter which shows 

ON/OFF status in the operation interval for the second appliance. Equation 4.10 shows that 

each appliance can operate just in the intervals when 𝐼𝑛,𝑦,𝑡,𝑠𝑐 
𝐴𝑙𝑙𝑜𝑤  is equals 1. Equations 4.11 

and 4.12 are demonstrating the ON/OFF status of each appliance in the second and third 
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group in each hour. Equation 4.13 demonstrates the minimum time gap between the 

operation of two dependent appliances in the third group. finally, the maximum allowed 

consumption in each hour in the smart homes is shown in Equation 4.14. 

∑ |𝐼𝑛,𝑥,𝑡,𝑠𝑐
𝐴𝑝𝑝 − 𝐼𝑛,𝑥,𝑡−1,𝑠𝑐

𝐴𝑝𝑝 |

𝑡∈[𝛼𝑥,𝛽𝑥]

≤ 2          ∀𝑠𝑐, 𝑛, 𝑥 ∈ 𝛬𝑇𝑦𝑝𝑒1 
(4.8) 

(𝐼𝑛,𝑦,𝑡,𝑠𝑐
𝐴𝑙𝑙𝑜𝑤 − 1)𝑀 ≤ ∑ 𝐼𝑛,𝑥,𝑡,𝑠𝑐

𝐴𝑝𝑝

𝑡∈[𝛼𝑥,𝛽𝑥]

− 𝑈𝑥
𝐴𝑝𝑝 + 휀 ≤ 𝐼𝑛,𝑦,𝑡,𝑠𝑐

𝐴𝑙𝑙𝑜𝑤 𝑀  

 ∀𝑠𝑐, 𝑡, 𝑛, (𝑥, 𝑦) ∈ {𝛬𝑇𝑦𝑝𝑒2, 𝛬𝑇𝑦𝑝𝑒3} 

(4.9) 

0 ≤ 𝐼𝑛,𝑦,𝑡,𝑠𝑐
𝐴𝑝𝑝 ≤ 𝐼𝑛,𝑦,𝑡,𝑠𝑐

𝐴𝑙𝑙𝑜𝑤                     ∀𝑠𝑐, 𝑡, 𝑛, (𝑥, 𝑦) ∈ {𝛬𝑇𝑦𝑝𝑒2, 𝛬𝑇𝑦𝑝𝑒3} (4.10) 

𝐼𝑛,𝑥,𝑡,𝑠𝑐
𝑆𝑡𝑎𝑟𝑡 − 𝐼𝑛,𝑥,𝑡,𝑠𝑐

𝐸𝑛𝑑 = 𝐼𝑛,𝑥,𝑡,𝑠𝑐
𝐴𝑝𝑝 − 𝐼𝑛,𝑥,𝑡−1,𝑠𝑐

𝐴𝑝𝑝          ∀𝑠𝑐, 𝑡, 𝑛, (𝑥, 𝑦) ∈ 𝛬𝑇𝑦𝑝𝑒3 (4.11) 

0 ≤ 𝐼𝑛,𝑥,𝑡,𝑠𝑐
𝑆𝑡𝑎𝑟𝑡 + 𝐼𝑛,𝑥,𝑡,𝑠𝑐

𝐸𝑛𝑑 ≤ 1                   ∀𝑠𝑐, 𝑡, 𝑛, (𝑥, 𝑦) ∈ 𝛬𝑇𝑦𝑝𝑒3 (4.12) 

∑𝐼𝑛,𝑥,𝑡,𝑠𝑐
𝑆𝑡𝑎𝑟𝑡 𝛼𝑡

𝑂𝑟𝑑𝑒𝑟

𝑡

− ∑𝐼𝑛,𝑦,𝑡,𝑠𝑐
𝑆𝑡𝑎𝑟𝑡 𝛼𝑡

𝑂𝑟𝑑𝑒𝑟

𝑡

≤ 𝐺𝑎𝑝𝑀𝑎𝑥             

 ∀𝑠𝑐, 𝑡, 𝑛, (𝑥, 𝑦) ∈ 𝛬𝑇𝑦𝑝𝑒3 

(4.13) 

𝐷𝑡,𝑠𝑐
𝐹𝑖𝑥 + ∑𝐷𝑛,𝑥,𝑡,𝑠𝑐

𝐴𝑝𝑝

𝑥

≤ 𝐷𝑀𝑎𝑥        ∀𝑠𝑐, 𝑡, 𝑛 ∈ 𝛬𝑆𝑚𝑎𝑟𝑡 
(4.14) 

The demand response program formulations defined in Equations 4.15 to 4.20. 

Equation 4.15 states that the summation of the increase and decrease in the load in the 

operation interval should be equal. Equations 4.16 and 4.17 are showing that the rate of 

increase and decrease in demand depends on energy costs in each hour as well as demand 

elasticity which are defined as 휀𝑢𝑝 and 휀𝑑𝑜. Also 𝜆𝑡
𝑃𝐶𝐶  is the electricity cost in each hour 

and 𝜆𝑅𝑒𝑓
𝑃𝐶𝐶  is the electricity cost in the off-peak hour. Limitations regarding the maximum 

increase in a load of each hour is modeled in the Equations 4.18 and 4.19. 𝐵𝑢𝑝and 𝐵𝑑𝑜 are 

the maximum rates of increase and decrease in the demand that is considered as a portion 
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of the total load. Finally, Equation 4.20 is considered to avoid the increase and decrease in 

the load simultaneously. 

∑𝐷𝑅𝑛,𝑡,𝑠𝑐
+

𝑇

𝑡=1

= ∑𝐷𝑅𝑛,𝑡,𝑠𝑐
−

𝑇

𝑡=1

                      ∀𝑠𝑐, 𝑡, 𝑛 

(4.15) 

𝐷𝑅𝑛,𝑡,𝑠𝑐
+ ≥ 휀𝑢𝑝𝐷𝑛,𝑡,𝑠𝑐 (1 −

𝜆𝑡
𝑃𝐶𝐶

𝜆𝑅𝑒𝑓
𝑃𝐶𝐶)         ∀𝑠𝑐, 𝑡, 𝑛 

(4.16) 

𝐷𝑅𝑛,𝑡,𝑠𝑐
− ≥ 휀𝑑𝑜𝐷𝑛,𝑡,𝑠𝑐 (

𝜆𝑡
𝑃𝐶𝐶

𝜆𝑅𝑒𝑓
𝑃𝐶𝐶 − 1)        ∀𝑠𝑐, 𝑡, 𝑛 

(4.17) 

𝐷𝑅𝑛,𝑡,𝑠𝑐
+ ≤ 𝐵𝑢𝑝𝐷𝑛,𝑡,𝑠𝑐𝐼𝑛,𝑡,𝑠𝑐

𝐷𝑅+
                    ∀𝑠𝑐, 𝑡, 𝑛 (4.18) 

𝐷𝑅𝑛,𝑡,𝑠𝑐
− ≤ 𝐵𝑑𝑜𝐷𝑛,𝑡,𝑠𝑐𝐼𝑛,𝑡,𝑠𝑐

𝐷𝑅−
                    ∀𝑠𝑐, 𝑡, 𝑛 (4.19) 

0 ≤ 𝐼𝑛,𝑡,𝑠𝑐
𝐷𝑅+

+ 𝐼𝑛,𝑡,𝑠𝑐
𝐷𝑅−

≤ 1                           ∀𝑠𝑐, 𝑡, 𝑛 (4.20) 

 

4.5 Reinforcement Learning 

Reinforcement learning [75] is the process of learning what to perform to maximize 

a numerical reward signal. Unlike most forms of machine learning, the learner is not taught 

which actions to do; instead, the learner must determine which activities produce the 

greatest reward by attempting them. Actions might affect not only the current reward, but 

also the next scenario and, via that, all subsequent rewards, in the most interesting and 

complex cases. The two most essential distinguishing elements of reinforcement learning 

are trial-and-error search and delayed rewards. 

Reinforcement learning is characterized [77] by describing a learning issue rather 

than learning algorithms. Any algorithm that is well suited to solving that problem we 

consider to be a reinforcement learning algorithm. The most significant characteristics of 

the real problem facing a learning agent interacting with its environment to attain a goal 
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are simply captured by a thorough specification of the reinforcement learning problem in 

terms of optimal control of Markov Decision Processes (MDP). Obviously, such an agent 

must be able to sense the state of the environment to some extent and perform actions that 

affect that state. An objective or goal relating to the status of the environment must also be 

present for the agent. Our definition is intended to include only these three elements :  

sensation, action, and goal—-in the most basic form possible, without trivializing any of 

them. 

Reinforcement learning is distinct from supervised learning which is discussed in 

Chapter 3. Supervised learning is the type of learning investigated in the majority of 

contemporary machine learning, statistical pattern recognition, and artificial neural 

network research. Learning from examples provided by a knowledgeable external 

supervisor is referred to as supervised learning. Although this is an important type of 

learning, it is insufficient for learning via interaction. It's difficult to find examples of 

desired behavior that are both right and indicative of all the situations in which the agent 

must act in interactive problems. An agent must be able to learn from its own experience 

in unexplored territory, where learning would be most beneficial [77]. 

The trade-off between exploration and exploitation is one of the issues that 

reinforcement learning faces those the other types of learning do not. A reinforcement 

learning agent must choose activities that it has attempted in the past and found to be 

effective in creating rewards to get a large amount of reward. However, to discover such 

actions, it must try actions that it has never attempted before. To get a reward, the agent 

needs to exploit what it already knows, but it must also explore to make better action 

choices in the future. The problem is that neither exploitation nor exploration can be 
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pursued just for the sake of success. The agent must try a variety of actions and 

progressively favor those that appear to be best. In this section, we will try to utilize the 

mentioned procedure to solve our optimization problem based on reinforcement learning. 

The details will discuss in section 4.6. 

 

4.5.1 Markov Decision Process 

Generally, reinforcement learning process can modeled as a MDP and therefore, 

we will discuss finite MDPs in this section. MDPs are thought to be a traditional 

formalization of sequential decision-making. The actions in MDPs have an impact not only 

on the immediate rewards, but also on the subsequent situations or states, and thus on the 

future rewards [77]. Because the states are dependent on the MDPs environment, we must 

consider the delayed reward as well as the trade-off between short-term and long-term 

reward. As previously stated, the agent must explore all of its available actions in order to 

determine which actions yield the greatest reward. Meanwhile, to maximize its reward, the 

agent must greedily exploit its current best action. However, because the maximum long-

term reward cannot be predicted in the absence of exploration and discovery, the balance 

between exploration and exploitation must be carefully determined. 

The learner interacting with the environment is referred to as the agent, and the 

environment includes everything outside of the agent. If the state and action spaces are 

finite, the MDP is called a finite MDP [77]. A finite MDP's dynamics can be efficiently 

described as below: 

𝑝(�́�|𝑎, 𝑠) = Pr {𝑆𝑡+1 = �́�, 𝑅𝑡+1 = 𝑟| 𝑆𝑡 = 𝑠, 𝐴𝑡 = 𝑎}  (4.21) 
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where 𝑆𝑡 ∈ 𝑆  and 𝐴𝑡 ∈ 𝐴(𝑠)  and Pr {𝑆𝑡+1 = �́�, 𝑅𝑡+1 = 𝑟| 𝑆𝑡 = 𝑠, 𝐴𝑡 = 𝑎} indicates the 

transitioning probability of getting to state �́� with the reward r after choosing action 𝐴𝑡 =

𝑎 in state 𝑆𝑡 = 𝑠 . We can clearly see that in MDPs, the next state 𝑆𝑡+1  and 𝑅𝑡+1 are 

determined solely by the current state 𝑆𝑡  and action 𝐴𝑡 , rather than by the history of 

previous successive states and actions leading to 𝑆𝑡. The state-transition probabilities are a 

three-argument function, defined as: 

𝑝(�́�|𝑎, 𝑠) = Pr {𝑆𝑡+1 = �́�, | 𝑆𝑡 = 𝑠, 𝐴𝑡 = 𝑎}  (4.22) 

The transition function is a probability distribution, it satisfies: 

∑𝑝(�́�|𝑎, 𝑠) = 1       ∀𝑠 ∈ 𝑆,   𝑎 ∈ 𝐴

�́�

 
(4.23) 

 

4.5.2 Reward and Return 

In reinforcement learning, the agent's goal is to solve a specific task, but this process 

is guided by a special reward signal that passes from the environment to the agent. The 

reward takes the form of a numerical number, and the agent's goal is to maximize the total 

reward it receives during learning, which includes both the present and future reward 𝑅𝑡. 

This means that if the sequence of rewards received after time step t is denoted as 𝑟𝑡+1, 

𝑟𝑡+2 , 𝑟𝑡+3 ,..., then the total reward accumulated by an agent is the expected return R, 

defined as: 

ℛ𝑡: = 𝑟𝑡+1 + 𝑟𝑡+2 + 𝑟𝑡+3 + ⋯+ 𝑟𝑇 (4.24) 

Where T is the terminal time. An episodic task is a reinforcement learning task with an 

associated terminal state [77]. However, not all reinforcement learning tasks can be defined 

and have a terminal state within an episode. Some tasks can go on indefinitely. Continuous 

tasks are reinforcement learning tasks that last indefinitely [77]. For continuing tasks, 
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calculating the return in Equation (4.5) is problematic because the final time step 

approaches infinity, and the total expected reward is also infinite. The cumulative reward 

𝑅𝑡 for a continuous task has an infinite value and is calculated as: 

ℛ𝑡: = 𝑟𝑡+1 + 𝑟𝑡+2 + 𝑟𝑡+3 + ⋯ = ∑ 𝑟𝑡+𝑘+1

∞

𝑘=0

 
(4.25) 

One approach to solve this problem is to introduce the concept of discounting. The revised 

expected return is presented in: 

ℛ𝑡: = 𝑟𝑡+1 + 𝛾𝑟𝑡+2 + 𝛾2𝑟𝑡+3 + ⋯ = ∑ 𝛾𝑘

∞

𝑘=0

𝑟𝑡+𝑘+1 
(4.26) 

The reward function is given an additional discounting factor 𝛾(0 < 𝛾 < 1) in this 

equation. The discount factor grows exponentially according to the reward's time step. 

 

4.5.3 Value Function and Policy 

In a long run, the state-value function indicates the value of any given state [77]. 

The MDP framework of reinforcement learning defines how good a particular state is. To 

perform well in the long run, the agent must take the state-value function into account more 

when deciding on future actions. In the previous section, we discussed the return function. 

It can be used to inform the agent about the expected result of a given action 𝑎𝑡 in state 𝑠𝑡. 

Based on the expected return, the agent computes a state-value function for each state 𝑠 ∈

𝑆. A policy in reinforcement learning is a mapping from states to the probabilities of 

selecting each action  𝑎 ∈ 𝐴𝑡 . For example, 𝜋(𝑠|𝑎) denotes the likelihood that 𝐴𝑡 = 𝑎 

when 𝑆𝑡 = 𝑠  if the agent is following a policy 𝜋  at time t. We define the state-value 

function 𝑉𝜋(𝑠) following the policy π as follow: 
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𝑉𝜋(𝑠) = 𝐸𝜋{ℛ𝑡|𝑆𝑡 = 𝑠} 

= 𝐸𝜋{∑ 𝛾𝑘𝑟𝑡+𝑘+1|𝑠𝑡 = 𝑠

∞

𝑘=0

} 

= 𝐸𝜋{𝑟𝑡+1 + 𝛾 ∑ 𝛾𝑘𝑟𝑡+𝑘+2|𝑠𝑡 = 𝑠

∞

𝑘=0

} 

= 𝐸𝜋{𝑟𝑡+1 + 𝛾𝑉𝜋(�́�)|𝑠𝑡 = 𝑠} 

= ∑𝜋(𝑠|𝑎)∑𝑝(�́�|𝑎, 𝑠){ℛ(�́�|𝑎, 𝑠) + 𝛾𝑉𝜋(�́�)}

�́�𝑎

 

(4.27) 

where �́� is the next state, 𝑝(�́�|𝑎, 𝑠) is the state-transition probability, 𝜋(𝑠|𝑎) is the 

probability assigned for taking action a in state s under policy 𝜋, and 𝐸𝜋{} is the expected 

value if the agent follows the policy 𝜋. The policy 𝜋 is a probability distribution that meets 

the criteria: 

∑𝜋(𝑥|𝑎) = 1   ∀𝑥 ∈ 𝑋,   𝑎 ∈ 𝐴

𝑎

 
(4.28) 

Similarly, we define the action-value function 𝑄𝜋(𝑠, 𝑎) acting under the policy 𝜋 

as the expected return starting with state x, selecting action a, and then following the policy 

𝜋 given as: 

𝑄𝜋(𝑠, 𝑎) = 𝐸𝜋{ℛ𝑡|𝑆𝑡 = 𝑠, 𝐴𝑡 = 𝑎}  

                 = 𝐸𝜋{𝑟𝑡+1 + 𝛾𝑉𝜋(𝑠)|𝑆𝑡 = 𝑠,   𝐴𝑡 = 𝑎} 

                 = ∑𝑝(�́�|𝑎, 𝑠){ℛ(�́�|𝑎, 𝑠) + 𝛾𝑉𝜋(𝑠)}

�́�

 

(4.29) 

Equation (4.29) is called the Bellman equation for the state-value function 𝑉𝜋(𝑥). 

It denotes a link between the value of a state and the value of its successor state. The 

Bellman equation takes an average of all possible outcomes, weighting each based on its 
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likelihood of occurrence. The action-value function 𝑄𝜋(𝑥, 𝑎) acting under policy 𝜋 [3] is 

represented by Equation (4.29). 𝑄(𝑥, 𝑎) is the action-value function that determines the 

value of each state-action pair, also known as the Q-values. It is worth mentioning that the 

greedy strategy is when the agent always chooses the actions with the highest estimated Q-

values. 

 

4.6 Temporal Difference Learning 

The Temporal Difference (TD) method is used by agents to learn from raw 

experience without knowing the underlying model or dynamics of the environment. The 

TD method also performs bootstrapping, which means that it updates previous estimates 

based on new estimates. During the computation, the estimated result will propagate from 

state to state [77]. One of the most important concepts in the world of reinforcement 

learning is the TD-based method. In this section, we will go over Q-learning briefly which 

is considered a TD-based method. 

 

4.6.1 Q-Learning 

Watkins [78] defined Q-learning as a type of model-free reinforcement learning. It 

can also be thought of as an asynchronous dynamic programming method (DP). It enables 

agents to learn to act optimally in Markovian domains by experiencing the consequences 

of their actions, without requiring them to build domain maps. 

Learning proceeds in the same way as Sutton's [77] method of temporal differences 

(TD): an agent attempts an action at a specific state and evaluates its consequences in terms 

of the immediate reward or penalty it receives and its estimate of the value of the state to 
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which it is taken. It learns which are the best overall, based on long-term discounted reward, 

by repeatedly trying all actions in all states. Q-learning is a primitive form of learning [78], 

but as such, it can serve as the foundation for far more sophisticated devices. It has been 

used independently by Barto and Singh [79], Sutton [77], Chapman and Kaelbling [75], 

Mahadevan and Connell (1991) [80], and Lin [81]. There are a variety of industrial 

applications as well. 

 

4.6.2 The Task for Q-Learning      

As mentioned, Q-learning [78] is a simple method for agents to learn how to act 

optimally in controlled Markovian domains. It is equivalent to an incremental method for 

dynamic programming with limited computational demands. It works by gradually 

improving its evaluations of the quality of specific actions at specific states. 

Consider a computational agent moving through a discrete, finite world, selecting 

one of a finite set of actions at each time step. The world is a controlled Markov process, 

with the agent acting as the controller. At step n, the agent is equipped to register the world's 

state 𝑥𝑛(∈ 𝑋) and can choose its action 𝑎𝑛(∈ Ω) accordingly. The agent receives a 

probabilistic reward 𝑟𝑛, the mean value of which ℜ𝑥𝑛
(𝑎𝑛) is determined solely by the state 

and action, and the state of the world changes probabilistically to 𝑦𝑛 according to the law: 

𝑃𝑟𝑜𝑏[𝑦𝑛 = 𝑦|𝑥𝑛, 𝑎𝑛] = 𝑃𝑥𝑛𝑦[𝑎𝑛] (4.30) 

The agent's task is to find the best policy, one that maximises total discounted 

expected reward. By discounted reward, we mean that rewards received s steps hence are 

worth 𝛾𝑠(0 < 𝛾 < 1)  less than rewards received now. The value of state x under policy 

𝜋: 
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𝑉𝜋(𝑥) = ℛ𝑥(𝜋(𝑥)) + 𝛾 ∑𝑃𝑥𝑦[𝜋(𝑥)]𝑉𝜋

𝑦

(𝑦) 
(4.31) 

because the agent expects to receive ℛ𝑥(𝜋(𝑥)) immediately for performing the action 𝜋 

suggests, and then moves to a state worth  𝑉𝜋(𝑦) with probability 𝑃𝑥𝑦[𝜋(𝑥)]. The DP 

theory [82] guarantees that there is at least one optimal stationary policy 𝜋∗ that is such 

that: 

𝑉∗(𝑥) = 𝑉𝜋∗
(𝑥) = max

𝑎
{ ℛ𝑥(𝑎) + 𝛾 ∑𝑃𝑥𝑦

𝑦

[𝑎]𝑉𝜋∗
(𝑦)} (4.32) 

is the best an agent can do from state x. Although this appears to be circular, it is well 

defined, and DP provides several methods for calculating 𝑉∗ and one 𝜋∗, assuming that 

ℛ𝑥(𝑎) and 𝑃𝑥𝑦[𝑎] are known. A Q- learner is faced with the task of determining a 𝜋∗ 

without first knowing these values. There are traditional methods [84] for learning ℛ𝑥(𝑎) 

and 𝑃𝑥𝑦[𝑎]  while concurrently performing DP, but any assumption of certainty 

equivalence, i.e., calculating actions as if the current model were correct, costs a lot of 

money in the early stages of learning [79]. Because of the step-by-step manner in which it 

determines the optimal policy, Watkins [78] classifies Q-learning as incremental dynamic 

programming. Q values (or action-values) for a policy 𝜋 are defined as follows: 

𝑄𝜋(𝑥, 𝑎) =  ℛ𝑥(𝑎) + 𝛾 ∑𝑃𝑥𝑦

𝑦

[𝜋(𝑥)]𝑉𝜋(𝑦) 
(4.33) 

In other words, the Q value is the expected discounted reward for performing action 

a at state x and then adhering to policy 𝜋 . The goal of Q-learning is to estimate the Q 

values for the best policy. To make things easier, define these as 𝑄∗(𝑥, 𝑎) =

𝑄𝜋∗
(𝑥, 𝑎), ∀𝑥 , 𝑎 . It is simple to demonstrate that 𝑉∗(𝑥) = 𝑚𝑎𝑥𝑎𝑄

∗(𝑥, 𝑎) and that if 𝑎∗ is 

an action that achieves the maximum, then an optimal policy can be formed as 𝜋∗(𝑥) =
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𝑎∗. This is where the Q values come in handy: if an agent can learn them, it can easily 

decide what is optimal to do. Although there may be multiple optimal policies or 𝑎∗ values, 

the 𝑄∗ values are unique. In Q-learning, the agent's experience consists of a sequence of 

distinct stages or episodes. In the n th episode, the agent: 

• observes its current state 𝑥𝑛 

• selects and performs an action 𝑎𝑛 

• observes the subsequent state 𝑦𝑛 

• receives an immediate payoff 𝑟𝑛 and 

• adjusts its 𝑄𝑛−1values using a learning factor 𝛼𝑛 according to: 

𝑄𝑛(𝑥, 𝑎)

= {
(1 − 𝛼𝑛)𝑄𝑛−1(𝑥, 𝑎) + 𝛼𝑛[𝑟𝑛 + 𝛾𝑉𝑛−1(𝑦𝑛)]  𝑖𝑓 𝑥 = 𝑥𝑛 𝑎𝑛𝑑 𝑎 = 𝑎𝑛

𝑄𝑛−1(𝑥, 𝑎)                                                                                  𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
 

 

(4.34) 

where 

𝑉𝑛−1(𝑦) = max
𝑏

{𝑄𝑛−1(𝑦, 𝑏)} (4.35) 

is the best the agent believes it can achieve from state y. Of course, in the early stages of 

learning, the Q values may not accurately reflect the policy (the maximizing actions in 

Equation (4.35)) that they implicitly define. For all states and actions, the initial Q values, 

𝑄0(𝑥, 𝑎) , are assumed to be given. 

It should be noted that this description is based on a look-up table representation of 

the 𝑄𝑛(𝑥, 𝑎) . According to [78], Q-learning may not converge correctly for other 

representations. The most important condition implicit in the following convergence 

theorem is that the sequence of episodes that forms the basis of learning must include an 



 75 

infinite number of episodes for each starting state and action. This may be considered a 

strong condition on how states and actions are chosen; however, under the theorem's 

stochastic conditions, no method could be guaranteed to find an optimal policy under 

weaker conditions. It should be noted that the episodes do not have to form a continuous 

sequence—that is, the y of one episode does not have to be the x of the next. The following 

theorem defines a set of conditions under which 𝑄𝑛(𝑥, 𝑎) → 𝑄∗(𝑥, 𝑎) as 𝑛 → ∞ . Define 

𝑛𝑖(𝑥, 𝑎) as the index of the ith time that action a is tried in state x. The related theorem is 

as below: 

Given bounded rewards |𝑟𝑛| ≤ ℜ, learning rates 0 ≤ 𝛼𝑛 < 1 , and 

∑𝛼𝑛
𝑖 (𝑥, 𝑎) = ∞  ,   ∑[𝛼𝑛

𝑖 (𝑥, 𝑎)]2
∞

𝑖=1

∞

𝑖=1

< ∞ , ∀𝑥, 𝑎 
(4.36) 

then 𝑄𝑛(𝑥, 𝑎) → 𝑄∗(𝑥, 𝑎) as 𝑛 → ∞ , ∀𝑥, 𝑎 with probability 1. 

 

4.7 Modified Q-Learning Based User-Centric DSR Proposed for Optimization 

In this section, we will focus on two types of models for Q-Learning based 

optimization including single time point and time window models. The main steps of 

implementing the algorithm are presented in Table 3. 

 

Table 3 Modified Q-Learning Based Algorithm for Optimization 

Step 1: Input Data: 

• Predicted load consumption curve 

• Labeled power of appliances 

• Consumption pattern 
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Step 2: Learning Process: 

For each appliance a, Do: 

   Define a uniform probability for all time slots. 

   For each iteration i, Do: 

      Select a Consumption time slots based-on utilization time. 

      Check the constraints. 

      If any error happens, Then: 

         Define penalty for selected schedule. 

      Else 

         Define reward for selected schedule. 

      End 

      Update probability for all time slots. 

   End 

End 

Step 3: Find the Best: 

Best curve  Predicted load consumption curve 

For each appliance a, Do: 

   Calculate total load consumption based-on appliance optimal schedule. 

   New curve  Total load consumption 

   If Cost (New curve) < Cost (Best curve), Then: 

      Best curve  New curve 

   End 

End 
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Step 4: Convergence Check: 

If final iteration limit approached, Then: 

   Go To Step5. 

Else 

   Go To Step2. 

End 

Step 5: Output Data: 

• Optimal Consumption schedule for appliances 

• Optimal load consumption curve 

 

 

4.7.1 Single Time Point Model 

In this model, the algorithm has a noticeable degree of freedom to select the 

operating hours of each home appliance. According to Section 4.3, the most important 

formulation constraints which are continuity of each equipment consumption and 

compliance with the maximum power consumption of the house, should be involved in the 

process of determining rewards and fines. The main steps of learning algorithm are 

presented in Figure 4.2. 

According to Figure 4.2, it is clear that; in the first iteration, the ON moment of 

each device is selected based on a random process and the objective function which is 

based on minimizing energy costs and dissatisfaction is calculated. Then, based on the 

number of interruptions in the operation of the devices, the penalty is applied to the 

objective function and a new operating pattern is determined. In the next step, the stop/OFF 

condition is checked and updated. This process is implemented for all appliances and 
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finally, the best consumption pattern is provided for each appliance. Due to the processing 

of fines and rewards and the possibility of interrupting during the operation of devices, this 

model has a slower learning speed than the time window model. 

 

Figure 4.2 Flowchart of Single Time Point Model 
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4.7.2 Time Window Model 

This model unlike the single point model, the decision variable only depends on the 

switching time and forecasted operation interval of each device. The flowchart of this 

model is presented in Figure 4.3. After determining the switching time of each equipment, 

the algorithm applies the penalty and reward on the objective function. So, the extra penalty 

is not added to the model as a result of devices’ interruption. It is worth noting that this 

method is faster than the single point model due to the simplicity of calculation. 

Figure 4.3 Flowchart of Time Window Mode 
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Chapter  5: Case studies and Results 

In this chapter, firstly, the REFIT dataset as a case study for this thesis is introduced 

and the important details are provided. Secondly, the evaluation and results according to 

the REFIT dataset are given in three sections. Section 5.2.1 focuses on the results for 

recognizing the ON/OFF status of appliances through the use of NILM. Section 5.2.2 

provides the results for the load forecasting and status forecasting. The results of proposed 

user-centric technique for DSM which is applied on REFIT dataset is discussed in Section 

5.2.3. 

 

5.1 REFIT Dataset as the Case Study 

Smart meter deployments are underway or planned around the world to better 

manage home energy demand, conserve energy, enhance billing accuracy, and assist users 

to understand the energy implications of their appliance usage habits. In most countries, 

regulations mandate that every smart meter be accompanied by an in-home display (IHD) 

that displays real-time consumption data [85-87]. The IHD will have access to real-time 

and historical energy data, allowing it to provide input beyond what suppliers can currently 

provide. The new meters’ IHDs and communications connectivity enable new types of 

services, such as: 

• energy feedback via non-intrusive appliance load monitoring, i.e., the 

ability to extract consumption of individual appliances from the household 

aggregate [88–90] 
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• Monitoring the performance of an appliance under real-world usage 

situations in order to inform device life-cycle analysis or provide feedback 

on energy-efficient usage [91] 

• load shifting, i.e., exploiting flexibility in time-of-use of appliances to 

manage peak demand, with the incentive of lower tariffs and improve 

demand response [92] 

• retrofit advise, i.e., installing replacement appliances or energy savings 

measures [93] 

• Smart home automation, which aims to improve energy efficiency, 

satisfaction, and security in the home [94] 

• Activity recognition, that is, analyzing energy use via the lens of activities, 

could be more useful to consumers [95] 

To develop and evaluate analytical methods to support these services, smart meter-

style data is required, which is generated in a real-world context rather than a laboratory 

setting, where homeowners go about their daily routines undisturbed. 

The REFIT (Personalized Retrofit Decision Support Tools for UK Homes Using 

Smart Home Technology) Project Electrical Load Measurements Dataset, comprises data 

from 20 households over two years, making it the only UK-based dataset with a sample 

rate greater than 1 minute that combines large scale (20 homes all monitored at the same 

sampling rate) and long duration. The active power measurements of the household as 

aggregate, as well as 9 appliances, are all recorded at 8-second intervals in this dataset. 

During the monitoring time, the households were going about their daily routines. This 

data is extremely useful to scientists working on energy analysis, the low-carbon agenda, 



 82 

energy efficiency feedback, and policy. The data has already been utilized to assist 

algorithmic work on load disaggregation [89], demand response temporal dynamics [92], 

appliance modeling and usage patterns [91], and tying household routines to their energy 

implications [95]. 

 

5.1.1 Selection Methodology for REFIT Dataset 

The homes that participated in the REFIT study were recruited through email and 

leaflet drops. In total, 57 households responded with basic household information. The 

final selection was based on the householder's familiarity with information and 

communication technology (ICT), as well as a mix of household occupancy, which 

included retired couples, working couples, and families with children ranging in age from 

infants to young adults. Some houses were excluded for a variety of reasons, the majority 

of which were related to connectivity, such as utility meters being underground, making 

signal acquisition difficult, or the lack of a broadband connection [93].  

Nine appliances in each home were chosen to be monitored using plug meters. 

Appliance selection was motivated by the completed Household Electricity Survey (HES) 

[96], a large study conducted by the UK’s Department of Environment and Climate Change 

(DECC). Because the HES study was designed to collect a large amount of data about 

consumer attitudes toward energy-consuming practices and energy demand, appliances 

with relatively high electrical consumption and/or frequent use were prioritized for 

monitoring. In terms of HES monitoring priorities, the main appliances in terms of energy 

demand are cold appliances (refrigerators, freezers, fridge-freezers, etc.), cooking 

appliances (microwaves, kettles, etc.), ICT (computers, screens, printers, consoles, etc.), 
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utility room appliances (washing machines, tumble dryers, dishwashers), while low 

priority items include mobile phone chargers, hair straighteners, and similar small items 

which may not be used regularly or moved frequently. Note that all REFIT study houses 

used gas central heating systems as the primary source of fuel and there were no other 

HVAC systems present. Table 4 lists all appliances monitored in each house. 

 

Table 4 Monitored Appliances in each House Organized as Shown in HES 

 

As can be seen, the total number of appliances of the same type monitored are 

shown in the final column. Small/unique appliances are grouped into ‘Misc’ or ‘Misc 

Kitchen’ as they may only appear in one house. Misc. Appliances include: 

House 21—Pond Pump & Vivarium, House 16—Dehumidifier, House 17—

Bedroom Plug. Misc. Kitchen: House 10—Mixer & Blender, House 19—Bread Maker, 

House 21—Mixer. 
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5.1.2 Monitoring Set-up of REFIT Dataset 

Figure 5.1 shows the schematic of the data collection platform. Energy sensors (ten 

in each house) wirelessly sent readings every 8 s to an energy aggregator, which was 

connected to a communications gateway. The gateway, connected to the broadband router, 

forwarded readings to the web portal in the cloud. From the web portal, the data was 

requested by our server in Glasgow and stored in a MySQL database. In terms of data 

collection, the overall platform is intended to be as similar to a typical smart meter 

installation [85] as possible. Indeed, the used aggregator includes an IHD that displays 

usage data and basic historical statistics, similar to what will be available following smart 

meter rollout. Individual appliance monitors (IAMs) will not be included in the smart meter 

installation, but they are useful for correlating use times and power usage, as well as 

designing, modeling, testing, and validating analytical approaches. 

 

 

Figure 5.1 REFIT Remote Real-time Data Collection Schematic 
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In the following, each component of the monitoring platform is described: 

• Household aggregate 

The most important measurement in each house was the aggregate energy 

consumption of the household, as this will mimic what smart meters will be able to provide. 

The household aggregate was measured using a CurrentCost transmitter, which includes a 

single-phase current clamp and a transmission module that wirelessly transmits readings 

every 8 seconds to the energy aggregator via Radio Frequency (RF) 433 MHz. The 

aggregator used was a CurrentCost EnviR module with an IHD. 

•  Individual appliance monitors (IAM) 

Each house was supplied with 9 CurrentCost IAMs, which is the maximum number 

supported by the associated EnviR module without risk of data loss due to transmission 

collisions. At an 8-second sampling rate, each IAM provided the power consumption (in 

Watts) for each connected appliance. The EnviR aggregator was used to collect all IAM 

readings, which were then routed to the communications gateway. Similarly, to the 

household aggregate, the IAMs only monitor current and not voltage, which means that 

there may be variations in the supply voltage that cause an error in the reading. The voltage 

on all of the installed load monitoring devices was set to 240 V by default. 

• Energy aggregator 

The EnviR aggregator with IHD came with the CurrentCost transmitter, which was 

used to measure the household aggregate. The EnviR connects all CurrentCost devices, 

acting as an energy aggregator. Its display provides information about all CurrentCost 

devices that have been installed, with a simple interface that uses buttons for navigation. 
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The EnviR communicated with the communications gateway via a USB cable, allowing 

data to be recorded remotely. 

• Communications gateway 

The Vera3 smart home controller served as the REFIT project's communications 

gateway for electrical measurements. All sensors wirelessly transmitted data to the EnviR, 

which then transmitted data to Vera3 via a USB connection. Finally, Vera3 sent the data to 

the cloud, which was a web-based dashboard accessible via the Vera Control (formerly 

MiCasaVerde) portal. Vera3 has a variety of interfaces that allow for additional monitoring 

via the following technologies: Wi-Fi, USB, LAN, and Z-Wave. Vera3 was connected to 

a home broadband router via its LAN interface, to EnviR via its USB interface, and to 

additional sensors (measuring temperature, humidity, and light intensity) via its Z-Wave 

interface in the REFIT study. 

• Web portal & data collection 

An application programming interface was used to make data collected by the 

communications gateway available on the web portal (API). All REFIT houses were linked 

to a single web portal account with a user account for each household (so that each 

household could benefit from basic energy feedback available via the web portal) as well 

as an administration account. 

• Server & database 

Requests for new data were issued to the web portal and the replies were recorded 

on the MySQL server. The connectivity of houses was checked using a web page that 

displayed the time elapsed since the last insert by the Readings.py script for each house. 

Any home that had not been updated recently would show a large time difference, and that 
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home was then contacted to see if any of the in-home kit (aggregate sensor, IAMs, 

aggregator, gateway) had been moved or unplugged inadvertently. A similar page was 

created that displayed all IAMs. 

 

5.2 Evaluation and Results  

In this section, we present the results of the ON/OFF status detection, load 

forecasting based on load disaggregation, and optimization results for consumer-centric 

energy management. Section 5.2.1 presents the load disaggregation results. Section 5.2.2 

shows next-day perditions as well as the functional results obtained using RMSE 

evaluation metrics. Section 5.2.3 presents and compares the results for the user-centric 

DSM method.  

 

5.2.1 ON/OFF Status Detection and Prediction 

The energy consumption of each household must be available to apply Energy 

Disaggregation (ED) to improve household appliance operation forecasting performance. 

As a result, the REFIT dataset for 20 households was employed. As mentioned before, the 

REFIT electrical load measurements dataset includes whole-house aggregate loads and 

nine individual appliance measurements, the data collected continuously from 20 houses 

over a two-year period. In this thesis, we will concentrate on only household number two 

on the REFIT dataset. As a result, all the parameters that will be declare may vary for other 

household than second household in the REFIT dataset. Table 5 sums up the appliances in 

the second house and their real power consumption measured by separate energy sensors. 

We pick the date 9/18/2013 for all the experiments. Also, the sample signal which shows 
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the aggregated consumption of the second household on 9/18/2013 is shown in Figure 5.2. 

The sampling time on all of the figures is 30 seconds or 2880 sample points per day. 

 

Table 5 List of Appliances and their Power Consumption in the Second Household 

Appliance Name Power Consumption (W) 

1. Fridge-Freezer 95 

2. Washing Machine Not Available 

3. Dishwasher 2250 

4. Television 30 

5. Microwave 1200 

6. Toaster 950 

7. Hi-Fi Not Available 

8. Kettle 2700 

9. Overhead Fan Not Available 

 

 

Figure 5.2 Aggregated Consumption for the Second Household (Sample Signal) 
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As the power consumption in households is recorded by the smart sensors, the 

recording time is not continuous for each household according to the REFIT website 

descriptions. The data is only recorded when there is a change in the total power 

consumption pattern. As a result, the gap between two samples may vary from a few 

seconds to a few minutes. To tackle the mentioned issue, we consider the time of the change 

in total power consumption as well. 

In the next step, each of the recorded consumption values, according to the time 

(seconds) of consumption per day, is placed in the main signal and creates the final 

modified signal. Figure 5.3 shows the difference between the original and the modified 

signal. It should be noted that the time step in the modified signal is uniform and equal to 

1 second. 

 

Figure 5.3 Comparison between Original and Modified Signal 

 

The first objective of the presented work is to identify when the devices are 

ON/OFF. In the first stage, the second household aggregated signal, the specifications of 
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the equipment operation such as labeled power, the range of real power consumption, and 

time steps are defined and utilized as an input for the NILM algorithm. In the second stage, 

the aggregated signal is filtered through the use of the median filter to eliminate 

fluctuations and to decrease the number of spurious events which were mentioned in 

Chapter 3. Then, the proposed algorithm computes the absolute values of the differences 

in the smoothened power signal between two consecutive values in the data series in order 

to compute edges.  

In the third step, according to the identified edges, the changes of each edge are 

calculated and stored. In other words, first, the load level per hour is identified and then 

according to the load level, power changes at the main edges are determined. 

In the fourth step, the ON and OFF points of the equipment are identified, 

respectively. At this stage, it is assumed that both ON and OFF edges for each device are 

available which means that if the algorithm identifies ON status a corresponding OFF status 

must be available, otherwise, the detected edge is considered as false detection. At this 

stage, by examining all the changes of the main edges, the operational interval of each 

appliance is identified. 

Finally, in the last stage, the power share of each appliance is determined based on 

its power consumption. 

The real power consumption for one day and the detected events/edges after 

applying the median filter is shown in Figure 5.4. The daily data is sampled per 30 seconds 

or 2880 samples a day. All the data belongs to 9/18/2013 on the REFIT dataset for the 

second household. 
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Figure 5.4 Detected Events for Aggregated Data for One Day After the Implementation of the 

Median Filter 

It is worth noting that utilizing a median filter reduces the number of false detected 

edges by up to 70% without missing a true device-switching event. The median filter is set 

to truncate mode which means that computes medians of smaller segments as it reaches the 

signal edges. 

During the experiment, the algorithm successfully detected the ON/OFF events of 

all devices successfully. The maximum number of appliances in the second household that 

are working together is two. In addition, we use the lowest boundary of 7W to ensure that 

the algorithm recognizes the edges accurately because sometimes the median filter may 

cancel the actual small changes. The summary of the results for the mentioned experiment 

are shown below: Figure  provides an overview of the switching moment of the identified 

devices, their operation interval, and a summary of the devices that are operating 

simultaneously. The list of appliances and the sample number corresponding to the 

ON/OFF events can be found in Table 6. 
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Figure 5.5 Operation Period and Switching Time of Each Appliance 

 

Table 6 The Switching Sample Times of Each Appliance 

Kettle Toaster Microwave Television Dishwasher 
Fridge-

Freezer 
Appliance 

7 2 3 1 2 18 

Number of 

Operation 

Times 

730 – 734 
1651 – 1654 
1840 – 1844 
2223 – 2227 
2397 – 2401 
2838 - 2846 

1964 – 1969 
2232 - 2238 

856 – 863 
1953 – 1954 
2401 – 2404 

777 – 956 
1499 – 1525 
1659 – 1684 

67 – 113 
226 – 273 
394 – 442 
569 – 618 
741 – 802 
893 – 955 

1081 – 1134 
1263 – 1316 
1498 – 1503 
1634 – 1659 
1732 – 1781 
1787 – 1820 
1839 – 1955 
2041 – 2107 
2221 – 2253 
2340 – 2392 
2488 - 2699 

Operation 

Period 
(ON - OFF) 

 

In order to precisely identify the operating period of each equipment, an operating 

period of less than 30 seconds has been ignored and not considered as switching in this 

thesis. Figure 5.6 shows the time samples between 856 to 863 (1-second sampling time) 
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consumption pattern of microwave as an example in the second household considering the 

mentioned condition. Following this, Figure  illustrates the power consumption of each 

nine appliances in the second household which are listed in Table 5. 

 

 

Figure 5.6 Actual Power Consumption of Microwave 

 

As can be seen in Figure 5.6, the actual power consumption pattern shows the actual 

operation of the appliance, and the switching moments cannot be investigated by the actual 

consumption pattern. It is worth noting that switching moments only can be found in Table 

6. 

According to Figure 5.7, the washing machine, Hi-Fi, and the overhead fan never 

turned ON on 9/18/2013 on the second household. The fluctuation of the power 

consumption on the fridge-freezer belongs to the operation of the compressor. The sudden 

spikes at 3 pm for the fridge-freezer and at 6 am for television proves inaccuracy in data 

measurement or unusual behavior of the users. 
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Figure 5.7 Actual Power Consumption of each Appliance in the Second Household 
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5.2.2 Next-Day Load Prediction 

Given this initial response from the NILM algorithm, we combined a supervised 

machine learning algorithm to forecast the next 24 hours’ consumption and the appliances 

switching events. Elman Neural Network is employed as the forecaster in this thesis. We 

use three days of data as a training signal and the next day (fourth day) is considered as an 

evaluation. The Elman Neural network has 10 hidden layers to forecast aggregated power 

demand for one day ahead. These input data are inputs from the disaggregation stage as 

well as inputs from the aggregated demand of the home for the current and previous hours 

of historical data for a total of 20 clustering scenarios. The K-means clustering method is 

used in this thesis for reducing the scenarios which correspond to the power fluctuations.  

k-means clustering is a vector quantization method derived from signal processing that 

aims to partition n observations into k clusters, with each observation belonging to the 

cluster with the nearest mean (cluster centers or cluster centroid), which serves as the 

cluster's prototype. Figure  presents training scenarios before and after applying K-means 

clustering. The figure shows the demand between sample 1000 to 1200. 

 

Figure 5.8 Training Scenarios Before and After Applying K-means Clustering 
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Moreover, Figure  shows the actual power consumption and forecasted power 

consumption for the first home using ENN methods.  

 

 

Figure 5.9 Next Day Load Forecasting via ENN 

 

According to the ENN performance diagram in Figure 5.9, it is clear that the error 

in the first couple of iterations is well reduced and then the neural network output remains 

constant. As mentioned before, the training vectors which belongs to the three days before 

patterns are reduced to 20 clustering scenarios and used as the input for ENN. 

The maximum, minimum, mean, and predicted power consumption by the end-

users for the next day in comparison together are shown in Figure 5.10. 
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Figure 5.10 Maximum, Minimum, Mean, and Predicted Power Consumption for the Next Day 

 

The minimum and maximum power consumption which is shown in Figure 5.10 is 

calculated based on maximum and minimum of 20 clustering scenarios. 

In order to measure the accuracy of prediction, we utilized the root-mean-square 

error (RMSE) metrics. The root-mean-square error (RMSE) or root-mean-square deviation 

(RMSD) is a commonly used metric for comparing predicted and observed values by a 

model or estimator. The square root of the second sample moment of the differences 

between predicted and observed values, or the quadratic mean of these differences, is 

represented by the RMSE. When the computations are performed over the data sample that 

was used for the estimate, these deviations are referred to as residuals, and when they are 

computed out-of-sample, they are referred to as errors (or prediction errors). The RMSE is 

used to combine the magnitudes of prediction errors for numerous data points into a single 

predictive power measure. Because it is scale dependent, RMSE is used to evaluate 

predicting errors of different models for a specific dataset rather than between datasets. 
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The RMSE is always positive, and a value of 0 (which is nearly never reached in 

practice) indicates that the data is perfectly suited. In general, a smaller RMSE is preferable 

to a larger one. However, because the measure is dependent on the scale of the numbers 

used, comparisons between different types of data would be invalid. 

The square root of the average of squared mistakes is the RMSE. Each error's effect 

on RMSE is proportional to the squared error's size; consequently, larger errors have a 

disproportionately large effect on RMSE. 

The RMSE of predicted values ŷt for times t of a regression’s dependent variable 

yt   with variables observed over T times, is computed for T different predictions as the 

square root of the mean of the squares of the deviations as expression below: 

RMSE=√
∑ (ŷt-yt)2T

t=1

T
 

(5.1) 

As can be seen, Figure 5.11 shows the performance of the ENN according to the 

RMSE metrics. The results show that the ENN has acceptable performance and the 

maximum RMSE is 18% which shows the high accuracy rate for the predictions. 

As mentioned before, predictions are done through the implementation of Support 

Vector Regression (SVR) and Elman Neural Network (ENN) and the results are compared 

to achieve more accurate method for daily pattern prediction. Figure 5.12 presents the 

RMSE metric for SVR. From the RMSE metric results, it is concluded that ENN is more 

accurate in comparison with SVR. Consequently, only the results for ENN are investigated 

in this thesis. 
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Figure 5.11 RMSE Metric for ENN 

 

 

Figure 5.12 RMSE Metric for SVR 
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5.2.3 User-centric Demand Side Management 

The second most important objective of this thesis is to suggest consumers shift 

power consumption by home appliances to another possible time interval in order to cut 

down on peak energy demands at the end-user side of the power grid, improve power 

system stability, and minimize the cost of energy consumption for the users while 

considering customers’ satisfaction. 

 During the load scheduling process in this thesis, there is no need to manually pre-

specify the physical characteristics of the enrolled schedulable home appliances in Table 

5.The washing machine, Hi-Fi, and overhead fan have not experienced any switching 

during the experiment as a result they are not considered in the list of schedulable loads 

and considered as uncontrollable devices. The rest of the appliances are considered as 

controllable devices. 

In the first step, the schedulable appliances and their operation interval as well as 

their power consumption are given as an input to the algorithm. So, there are six 

schedulable appliances in which the probability of choosing ON status in 24 hours is 

constant and equals to 
1

2880
 when considering 30 seconds as time resolution. Then the 

power consumption of the selected appliance would be deducted from the total power, and 

the ON status for the first appliance is selected randomly with the stated probability. The 

selected-ON moment would be eliminated from the available time domain for further 

iterations. In the next step, the algorithm evaluates the cost and customer satisfaction and 

then updates Equation (4.1). If Equation (4.1) becomes optimized compared to its previous 

value, the chosen selected time point would be rewarded. This procedure is followed for 

all appliances until the best time domain for their ON status is investigated. It is worth 
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mentioning that the scheduled household appliances cannot be interrupted. Next, it would 

be examined that which appliance’s operation interval worked better compared to others 

and better optimized the Equation (4.1), the operation interval of that appliance would be 

saved for the next iterations. This process would be continued until the best ON status of 

each appliance is gained and Equation (4.1) becomes optimized. 

The energy disaggregation based residential consumer DSM method proposed in 

this paper can be used to forecast short-term energy consumption based on the resident(s)' 

past trends of electricity usage, as well as minimize energy wastage of schedulable home 

appliances consuming electrical energy, as shown in Figure 5.13 as an example. The 

proposed method meta-heuristically optimizes the electricity cost while considering user 

satisfaction. As can be seen in Figure 5.13, the load profile of available appliances is shifted 

according to Equation (4.1), during the optimization process. The two objectives in 

Equation (4.1) were assigned an equal value of weights 𝑤1 and 𝑤2, respectively. 

 

 

Figure 5.13 Load Profile of Appliances 
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Table 7 depicts the resulting residential consumer-centric DSM solved by the Q-

learning based on the past consumption pattern. The optimization process reshaped the 

whole-house load profile. According to Table 7 the algorithm successfully optimizes the 

energy cost while considering the consumers’ satisfaction. By shifting only 16.49 KW of 

the previous consumption pattern during a day. The consumers can save at about 1 dollar 

which is a considerable amount for a monthly electricity bill. Also, it aids in the power 

systems stability. 

 

Table 7 Optimization Rate During the Process of Q-Learning 

 Cost ($) Dissatisfaction (w) 

Base 181.89 0 

Optimal 181.12 16490 

 

The consumption pattern and the new scheduled home appliances for whole-house 

load profile after the optimization is compared with the users’ past trend is shown in Figure 

5.14. As can be seen three controllable devices are shifted successfully. Moreover, the 

operation periods of the mentioned devices shifted to the possible off-peak time interval 

that is cheaper than past trends. The energy cost for 24 hour is shown in Figure 5.15. It 

should be noted that the price curve that is utilized in this study is evaluated under real-

time pricing. It is estimated that the price has not changed and is predetermined with the 

shift of load profile of the home appliances. 
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Figure 5.14 Total Load Before and After Optimization 

 

 

Figure 5.15 Energy cost for a Day 

 

The shifted load profile after Q-learning based optimization of Fridge-freezer, 

television and toaster are shown in Figure 5.16-5.18, respectively. As can be observed from 
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Figure 5.16, the operation period at switching sample time 104 is shifted to sample time 

67. Besides, according to the operation periods before and after optimization, it is clear that 

the operation period is almost the same and common for about 4 minutes. 

 

 

Figure 5.16 Shifted Load Profile of Fridge-Freezer 

 

 

Figure 5.17 Shifted Load Profile of Television 
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Figure 5.18 Shifted Load Profile of Toaster 

 

According to the Figure 5.17, the operation period of television is totally shifted to 

another time interval. Moreover, it is obvious that according to Figure 5.18, the operation 

period of toaster is shifted to the early hours of the day which the energy cost is less than 

the original interval. According to the results, it is clear that the proposed algorithm in this 

thesis algorithm has been able to modify possible parts of consumers’ consumption 

behavior in the 24-hour. 

In the Q-learning-based algorithm, the probability of an increase or decrease in 

power consumption for each hour is based on rewards and penalties. Figure 5.19 shows the 

probability of the increase and decrease of the load per hour. According to the Figure 5.19, 

it is clear that in the initial and final hours of the day, the probability of increasing the load 

is higher. Conversely, in the middle of the day, the probability of decreasing the load is 

higher. 
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Figure 5.19 Q-Learning Table 
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Chapter  6: Conclusions and Future Works 

This chapter first summarizes the methods that are used in this thesis and covers 

the conclusion deducted from the thesis development. Then, Section 6.2 highlights the 

limitations in the thesis and provides suggestions for future work. 

 

6.1 Conclusions 

This study defines and verifies an efficient NILM-based EMS for residential users 

on a residential microgrid.  The proposed study consists of two parts. 

In the first section, the Edge detection-based NILM technique is used to analyze 

smart meter data of end-users in the REFIT dataset from the United Kingdom, and the 

appliance-level information of the customers is attempted to be extracted. Because this 

technique allows us to study consumer behavior using only smart meter data, it minimizes 

the necessity for high-cost sensors, maintenance, and updates, and delivers a cost-effective 

solution. With the suggested edge detection-based approach, the consumption and 

functioning condition (ON/OFF status) of the appliances were determined with great 

accuracy. 

The energy consumption behaviors of end-users are examined in the second 

section, which is based on the appliance-level data gathered earlier. As a result, information 

on the appliances' average power consumption, operation cycles, favorite usage intervals, 

and daily usage frequency for the next day were acquired through ENN with an average 

accuracy of over 90%. To develop an efficient and user-centered EMS, these data were 

integrated into the microgrid operation. 
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The proposed model not only provided the most efficient dispatch of distributed 

power plants in the microgrid, but also enabled the scheduling of controlled loads while 

taking customer satisfaction into account. The proposed NILM-based EMS approach was 

shown to lower operation costs while also increasing customer satisfaction via Q-learning-

based simulation. Compared to a traditional EMS, the proposed approach improves the 

operation cost/satisfaction ratio as well as decreases the peak demand considerably which 

helps the grids to stay more stable. 

 

6.2 Future Works 

The solution presented in this work still has much room for improvement. Many 

things can be tried to improve the system. First and foremost, to further provide helpful 

feedbacks for Canadian home residents and the short-term load scheduling, we will try to 

apply the proposed technique on Canadian datasets. Currently, there is a limited Canadian 

dataset available to use which does not include the detailed information of each appliance. 

Moreover, the current dataset has lots of measurement inaccuracy and the REFIT dataset 

were collected when there is a change in power consumption which made us to map the 

data to real time measurement. 

Secondly, future works may focus on improving the performance of NILM by 

integrating the data sources such as temperature or human sensors. As a result, we will try 

to analyze the impact of different factors such as weather, temperature, etc. on the accuracy 

of NILM and optimal load scheduling. 

Thirdly, the proposed NILM algorithm is only able to detect ON/OFF status of the 

devices and considers all devices as type I and is not able to identify different states of the 
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of operations in multi-state or type II appliances. In future work, we will consider this 

limitation and will try to focus on multi-state devices. 

Lastly, utilizing an unsupervised/semi-supervised NILM algorithm would be our 

next plan. The NILM algorithm proposed in this thesis requires a large amount of labeled 

data in the training phase, however, unsupervised/semi-supervised can train the NILM 

model with little or even no labeled data, which is of great significance to the application 

of NILM in practice. 
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