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ABSTRACT 

Power consumption peaks during specific periods of the day, generating an 

electricity supply and demand imbalance and an increase in electricity generation costs. To 

shave the peak load, this research work proposes a load control strategy using an aggregator 

for demand side management (DSM) of a population of heterogeneous thermostatically 

controlled loads (TCLs). TCLs that can be used for this purpose with direct load control 

(DLC) include electric baseboard heaters (EBHs), electric water heaters (EWHs), and 

electric thermal storage units (ETSs). The responsibility of the aggregator is to determine 

control actions using ON/OFF commands and setpoint (SP) variation for the connected 

TCLs. The aggregator communicates with an upper-level management system to ensure 

load balancing is satisfied for the overall power network. For this research, the TCL types 

mentioned above were used to form the heterogeneous aggregation. The research work is 

implemented and simulated in MATLAB, where the performance of the proposed 

heterogeneous aggregator was compared against a combination of individual homogeneous 

aggregators with access to only a single TCL type. The results demonstrated that the 

heterogeneous aggregator is capable of better peak reduction capabilities for shorter peak 

durations and produces better overall user comfort when compared to the homogenous 

aggregators.  
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1 Chapter 1 - Introduction 

1.1 Background 

Increasing demand and variations in the power consumption has created the 

necessity for newer smart grid (SG) technologies to be introduced [1]. This increase in 

electricity demand combined with higher penetrations of renewable energy, can create a 

generation and supply balancing issue. Electricity demand has certain peak periods during 

the day that need to be met by the electric utility in order to maintain system balance [2][3]. 

The cost of generation to meet on-peak demand is higher than off-peak demand as peak 

time generating units, such as those based on fossil fuels, have a higher operating cost than 

base load units [4]. The addition of generation units also leads to an increase in carbon 

dioxide emission that negatively affects the environment [5]. 

 An alternative strategy to using power generation to meet the peak demand is to 

utilize demand-side flexibility [3]-[6]. Demand side management (DSM) is described as 

operations that aim to alter the profile of the load in a desirable manner [6]. DSM strategies 

can assist in adjusting the load demand by using techniques, such as demand response (DR) 

to control the flexibility of loads connected to the grid to reduce or shift the power 

consumption [7]. DR control assists in reducing the peak demands of the power 

consumption during the day without affecting the customers comfort and grid infrastructure 

[8].  

 One of the most popular approaches is to define DR applications as an optimal 

control problem where the control objective is that of peak shaving and valley filling [4]. 

Defining DR as a control strategy, implies the control of power consumption from a variety 
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of embedded energy resources (EERs) present in the distribution system. EERs 

encompasses collection of loads and resources with storage capacity, such as batteries or 

thermostatically controlled loads (TCLs). Using TCLs such as electric water heater 

(EWHs), electric baseboard heaters (EBHs), and electric thermal storage units (ETSs) for 

energy storage will be the focus of this thesis work. The use of systems with energy storage 

capabilities is meaningful as it enables the utility to store power at a lower rate during 

underutilized off-peak periods and insert power back into the grid at higher rates and peak 

periods [4], as shown in Figure 1.1. This will aid in the balance of the grid as well as save 

costs for the utilities [4]-[6].  

 

Figure 1.1: DR by peak shaving & valley filling [9]. 

1.1.1 Thermostatically Controlled Loads (TCLs) 

The average Canadian home’s energy consumption can be seen in Figure 1.2 [10]. 

It is evident that a large percentage of the residential load is TCL-based, which represents 

a significant opportunity to access this type of EER for DR. The availability of thermal 
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energy storage in TCLs entails a significant amount of capacity that can be stored and 

delivered through appropriate load control without affecting the end-user comfort [11].  

 

Figure 1.2: Average Canadian home energy consumption. 

1.1.2 Aggregator  

For DR implementation, SG technology has to be implemented into the power grid 

network. In recent years, the rapid SG technology development has increased the number of 

customers available to participate in DSM [12][13]. For peak shaving control to be utilized on 

the power grid, a diverse variety of EERs present in large and increasing quantities has to be 

considered. Hence, an aggregator is proposed to control TCLs as an aggregation or cluster of 

either one type (Homogeneous) or multiple types (Heterogeneous) of TCLs, the latter of which 

can further even out stochastic differences between the energy storage capacity of various 

TCLs. This yields more predictable loads and identifies generation patterns and trends allowing 

better control of the load power consumption [12]. An aggregator that uses a heterogeneous 
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and homogeneous aggregation will be referred to as the heterogeneous aggregator (HTA) and 

homogeneous aggregator (HGA), respectively.  

For this research, load control by the aggregator is implemented using direct load 

control (DLC) of TCLs which utilizes ON/OFF and setpoint (SP) control [7]. As such, an 

extensive network of accessible sensor information and bi-directional communications is 

needed [14]. Various aggregators that are used with a hierarchical system allows for enhanced 

communication of multiple systems in order to obtain a scalable and more efficient framework 

that is compatible with the existing power system operations [15]. The hierarchical system 

comprises of a system operator (SO), virtual power plant (VPP), load forecaster (LF), 

aggregator, and loads as seen in Figure 1.3. The loads are controlled by the aggregator for the 

purposes of peak shaving according to requested energy capacities from the VPP. The 

aggregator’s energy capacity relies on an accurate forecast of the loads available to the 

aggregator from the LF. The forecasted load profile enables the aggregator to limit the 

uncertainties of the aggregated load power profiles and generate an accurate control signal to 

satisfy the VPP requested energy capacity.  

Aggregators have multiple input and output variables that are fed to and from other 

systems and acts as a mediator between the users, the VPP and SO [14]. The aggregator’s role 

is to effectively collect data from the EERs into a single entity that acts as a generation/storage 

device that is capable of contributing the energy needed by the grid [16]. More details on the 

system network and dependencies on the aggregator will be discussed in the further chapters.  
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Figure 1.3: Hierarchical Peak Shaving System. 

1.2 Major Challenges  

Using an aggregator for control of TCLs that complies with an upper-level request has 

its challenges, such as: 

• Aggregation Suitability: Achieving a response from an aggregator that accurately 

matches the upper-level energy capacity request can depend on the type and number of 

TCL units available for aggregation. Choosing the correct TCL type and number of 

TCL units can change the aggregated load power consumption as the TCL’s power 

rating and the duration and quantity of the devices that stay ON or OFF changes 

according to the type. This is crucial in satisfying the energy capacity request of the 

VPP without affecting end users comfort.  
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• Upper-level response: The aggregator’s ability to follow the VPP energy capacity has 

many variables that can affect the aggregators response. These variables lead to 

challenges such as: 

o Conflict between local & aggregator control: The aggregator sends control signals 

to the TCLs to modify its power demands. These demands are originally set by their 

local control, which is essential to maintain end user comfort. The aggregator can 

override the local controller but doing so might cause the end-user comfort to be 

negatively affected. Leaving the local controller ON is important and hence 

aggregator benefits are limited by the requirement of the local controller to maintain 

end-user comfort. 

o TCL state and parameter estimation: The power demand of the TCL depends on 

parameters that are uncertain such as user consumption and outdoor air 

temperatures. These parameters are difficult to predict and may cause the response 

from the aggregator to be associated with some uncertainty.  

o TCL data collection: The load control strategies used by the aggregator requires a 

minimum number of sensors available on the TCLs to receive data required for 

control. Data reliability is a significant challenge due to costs and infrastructure 

needed for the network. That said, sensing technology has become cheaper, smaller 

in size and more accurate, along with data communication architectures that are 

faster and more reliable. This increases the capability of the aggregator to respond 

to the VPP’s energy request with higher accuracy and very limited communication 

network issues. 
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1.3  Objectives 

This research is focused on the development of a HTA utilizing various TCL types to 

reduce peak load demand of local distribution network companies (LDN), such as Saint 

John Energy (SJE). Considering the challenges of the HTA, and its hierarchical system 

mentioned in the previous section, the following goals of this thesis are: 

• Design a HTA with a robust load control strategy that regulates a heterogeneous 

population TCL type for peak shaving.  

• The HTA control algorithm should provide a desirable response by tracking the power 

demand request made by the VPP without creating another peak at a different time, 

otherwise known as payback effect. 

• Analyze and contrast the performance of the HTA versus combinations of individual 

HGAs. This analysis will focus on available peak shaving capacity, end-user comfort 

and any payback effects. 

1.4  Thesis Contributions 

The following contributions are made in this research work: 

• The development of a HTA that can follow peak shaving power demand requests made 

by the VPP. For this thesis, the HTA will use a mixture of three TCLs with aggregation 

sizes according to SJE LDN specifications. The three TCL types are:  

o Electric water heaters (EWHs) 

o Electric thermal storage units (ETSs) 

o Electric baseboard heaters (EBHs) 
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• A load control strategy in the HTA to satisfy a power demand request from the VPP 

during a peak period. As mentioned previously, the proposed controller uses ON/OFF 

and SP control on EWHs, ETSs and EBHs. The local thermostatic operation of the TCL 

is never overridden to ensure user comfort is maintained.   

• A pre-charging and payback effect control period is taken into consideration. That is,  

o  A pre-charging power demand request is developed in order to achieve maximum 

TCL energy storage before the peak period.  

o A control algorithm that attempts to mitigate the payback effect after the peak period 

control is developed.  

• A HGA using a homogeneous aggregation of EWHs, ETSs or EBHs is considered. The 

HGA uses the same hierarchy network and control framework as the HTA.  

1.5  Simulation Platform  

The proposed HTA model along with its control algorithm was developed and analyzed 

using a SG simulation platform currently in development by members of the Emera and 

NB Power Research Centre for Smart Grid Technologies at UNB. The established models 

of TCLs are used to generate parameters required for the aggregations and load control 

strategies [17]. 

1.6 Thesis Structure  

This thesis consists of six chapters. Chapter 2 is the literature review for existing HTAs 

and HGAs along with various control strategies used for modifying peak load demand 

power profiles. Chapter 3 gives a detailed overview of the framework of the hierarchical 

peak shaving network and inputs used to communicate with the HTA. Chapter 4 describes 
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the modeling of the HTA controller and the simulations of HTA and HGA with 

heterogeneous and homogeneous aggregations based on EBH, EWH, and ETS units. 

Chapter 5 provides the performance analysis of the HTA and HGA using homogeneous 

and heterogeneous aggregations of TCLs, respectively, with their peak shaving capacities, 

end-user comfort and payback effect as key metrics. Finally, Chapter 6 summarizes the 

conclusions of the research and proposes future work. 
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2 Chapter 2 – Literature Review  

2.1 Demand Side Management  

 The traditional power grid is unidirectional where several generators produce 

electricity which is then consumed by end users [18]. Recent SG technologies facilitate 

unconventional power flow and bi-directional flow of information to create an advanced 

automated energy transmission system [18][19][20]. The increasing penetration of 

renewable energy, uncertain load changes and increasing operation costs of the centralized 

grid has led to greater utilization of SG technologies. SGs can provide the power grid the 

ability in self-healing to increase the power quality delivered to the end users [21]. 

 DR strategies involving flexible SG resources like plug-in electric vehicles (EV), 

TCLs and distributed energy storage (DES) have potential to implement control functions 

using DLC [22][23]. An essential DR control objective is to shift the time of power demand 

to off peak hours and reduce the peak load demand. DLC is one of the control techniques 

that is used for this purpose where, resources are directly controlled by commands from 

the grid operator when peak shaving is required [22]. Indirect load control (ILC) is another 

control technique that motivates end-users to determine load reduction based on a price 

signal received from the utility [23]. DLC is a more desired technique as it can achieve 

higher peak reduction without a noticeable impact on end users. Alternatively, ILC is 

dependent on the end user reducing its power consumption to effectively peak shave, which 

may not produce the desired peak shaving and may also cause end user discomfort [24].  

 DLC strategies for peak reduction can be divided into three types:1) centralized 

control, 2) de-centralized control and 3) hierarchical control. A centralized control 
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approach was used in [4] to control a heterogeneous cluster of residential resources using 

reinforcement learning. This research showed a significant reduction in peak period load 

consumption, but since the control decisions for all loads were determined centrally by an 

independent system, the number of decision variables and constraints corresponding to 

each load resulted in unwanted heavy computational and communication requirements for 

the independent system. A decentralized control approach was used in [25], where EV 

charging was maximized using decisions done with local information available in 

individual EV’s local controller. This method allowed for similar amounts of energy in the 

EV batteries to be stored when compared to a centralized controller, but the controller was 

unable to keep the overall network parameters within a defined capacity limit. To use the 

decentralized controller mentioned in [25] effectively, further system operation constraints 

and predefined sensitivity levels need to be implemented. Hierarchical control is defined 

as a strategy that involves two or more levels of decision making [26][27]. The authors in 

[27] use a three level hierarchical approach to show and exploit the power flexibility of a 

number of consumers. The upper level considers coupling constraints and uses it to guide 

the lower levels to make local control decisions. This allows for the upper level to take 

some of the control decision burden off the lower level, enabling the lower level to have 

less computing and communication needs. This makes it more practical for coordinating 

large aggregations of EERs for smart grid objectives. 

2.2 Aggregators  

 Using a hierarchical architecture for larger aggregations allows for layers of control 

where high-level control is kept at the upper-level to ensure generation and load resources 
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are globally balanced [26][27][28][14]. The data received from the controllable loads can 

converge into an aggregator, that serves as a central control node between the demand side 

and upper-level [29][30][31]. The aggregator’s role is to effectively collect data from the 

EERs into a single entity and act as a controller to supply peak shaving or generation energy 

capacities as per requests from the upper-level or a SO [16]. The research in [32] studies 

the effects of aggregation parameters on energy capacity flexibility. The results show that 

an aggregation generalizes many individual flexible energy capacities allowing more 

available solutions to achieve desirable energy capacities. An aggregation of EERs can also 

attenuate the errors in energy capacity estimations due to the law of large numbers [26].  

2.3 Aggregation of EERs 

 An aggregator can control either an aggregation of homogeneous or heterogeneous 

EERs [33]. The definition and control techniques used in the literature for a homogeneous 

and heterogeneous aggregations of EERs are mentioned in this subsection. 

2.3.1 Homogeneous Aggregation  

A homogeneous aggregation of EERs is defined as a group of devices that have 

similar forms of energy storage, switching dynamics and also use the same control 

algorithm [34][35]. In [36], the aggregation is made up of EWHs that uses DLC strategies 

for peak shaving. The research modeled individual EWHs using user consumption patterns 

to represent changing thermodynamics of the model that represented the individual EWH’s 

state. Besides the EWH, a ETS is described in [37] for the purpose of DR. This research 

models individual ETSs as a thermal battery with a small standby loss and a controllable 

discharge rate [37]. The aggregation is modeled by taking the individual ETS models and 
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summing their consumption to get a load demand curve. EBHs are another type of TCL 

that is modeled individually in [38]. Building standards and common construction practices 

of Canada have been considered in the individual model [38]. The model allows for using 

different types of thermostats and control strategies, hence allowing better reproducibility 

of different characteristics of the TCL’s and the ability to evaluate a model based on an 

aggregation of EBHs. The individual models can be a challenge to implement for a large 

number of TCLs as each model would need to be rigorously validated to get accurate results 

when used for load control strategies.  

2.3.2 Heterogeneous Aggregation  

 A heterogeneous aggregation uses a group of EERs that have different forms of 

energy storage and switching dynamics but use the same control algorithm [34][35]. 

Therefore, a heterogeneous aggregation can include different types of controllable TCLs 

like EWHs, ETSs and EBHs combined together to form one aggregation. To form the 

heterogeneous aggregation multiple homogeneous aggregations can be used, which is 

assumed for this thesis work. Individual models of each TCL described in section 2.3.1 

require testing and validation prior to the aggregation process. In the reviewed literature, 

there is another method of modeling a homogeneous or heterogeneous aggregation, which 

is to directly model a population of a certain number and type of EERs [33][39][40]. In 

[41], the authors model the load dynamics of an aggregation by using differential equations. 

This modeling strategy is less complex since it does not require complex parameters needed 

for individual EER models. The main advantage of this model is that the aggregated 

flexibility of a collection of flexible loads can be described with only a few parameters 
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[42]. However, this leads to a reduction in the ability to analyze detailed individual 

parameters of the EERs that make up the aggregation.   

2.4 EER Control  

 EERs are controlled by the aggregator to achieve the objective of peak shaving and 

valley filling. There are several loads in the LDN with energy storage capabilities that have 

potential to implement the required control functions through DLC strategies [23][13]. The 

available literature has several peak shaving control techniques implemented on 

aggregations of TCLs. In [43] EWHs are turned OFF in groups until the aggregated power 

consumption of the loads gets near a present target selected for peak reduction. The EWHs 

are then switched ON in groups on a first off basis when the aggregated load consumption 

has decreased to the maximum peak reduction preset level. This control technique does not 

consider user comfort as the EWHs placed in each group are random, which may lead to 

water temperatures lower than desired, causing user discomfort. User comfort is a concern 

that needs to be taken into consideration for any control strategy. Loss of user comfort will 

lead to customers being dissatisfied with the power distribution provider causing loss of 

customers for the provider. To consider user comfort, [44] implemented a fuzzy logic 

controller that requires temperature information to select devices that were operating within 

the customer comfort limits. In this case, the temperature variable gives the controller the 

ability to maintain user comfort during peak shaving operations. Direct Temperature 

Feedback Control (DTFC) is another controller that uses temperature readings from TCLs 

for control [45]. DTFC is a well-recognized algorithm in literature and can be used as a 

benchmark for maintaining end user comfort. 
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Behavior of a heterogeneous aggregation of EERs can be modeled as a battery with 

state of charge and energy capacity limits of the aggregation [33][46][47][48]. This allows 

the aggregator to calculate the bounds of power limits and energy capacities that is 

available for control [33]. Aggregators also use state space models that manage the 

aggregations of TCLs by dividing them into state bins and controlling each bin by changing 

the TCL SPs based on their switch states, indoor temperature and temperature distance to 

their deadband limits [49]. State space model aggregation is good for improving modelling 

accuracy and reducing communication burdens, but the control algorithms used by the 

aggregator for state space models need precise measurements from EERs. Other control 

algorithms consider priority stack based control along with lockout and no short cycling 

constraints, resulting in an increase in life span of the EER [50]. 

Batch Reinforcement Learning (RL), a machine learning algorithm, using Markov 

decision processes is another proposed control method [51][52]. It is an effective model-

free learning approach but suffers from slow convergence and the difficulty of 

dimensionality. Model predictive control (MPC) is an optimization-based control strategy 

that is also widely presented in literature [40][53][54]. MPC can be used by the aggregator 

for control problems involving aggregation of heterogeneous EERs and can account for 

system and input constraints to compute real time control actions. Grouping control 

strategy using MPC and multiscale priority indexing can also be used by the aggregator on 

the heterogeneous aggregation, making MPC a versatile control scheme [55]. However, 

MPC relies on fast hardware for optimization. Stochastic blocking (SBC) control is another 

controller based on broadcasting, but due to its simplicity of having no feedback from 

individual loads should only be considered as a basic control strategy [45]. 
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DSM control algorithms may lead to a sudden load rebound or payback effect after 

the peak shaving period [56]. In order to reduce the payback effect the research in [57] uses 

an aggregator that divides the aggregation into subgroups to turn ON after the peak shaving 

control. This helps to reduce the payback effect as all devices in the aggregation do not 

come ON together after peak shaving. Another method to reduce payback effect is 

mentioned in [58], where the amount of energy peak shaved from the load was reduced to 

a point of no payback effect being observed. This method eliminates the payback effect but 

reduces the amount of available energy capacity for peak shaving.   

Access to the TCL temperature, SPs, power consumption and status leads to 

accurate and more complex control algorithms. The controller’s capabilities can improve 

as more types of information, such as the ones mentioned above, are received from the 

TCL. Although there are advantages for the controller to measure different types of 

information from the TCLs, there are also disadvantages. The need for accurate readings 

from multiple sensors leads to an increase in cost, network bandwidth and reliability to 

accommodate the communication of data from sensors [5].  
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3 Chapter 3 – System and Control Model 

This chapter gives an introductory overview of the two-layer hierarchical control 

architecture that is used in this research. The upper-level VPP and lower-level aggregator 

are used together for control of heterogeneous and homogeneous aggregations. It is the 

goal of the VPP to achieve peak load reduction for the entire power network by using 

information from various types of aggregators controlling TCLs and other EER assets 

distributed throughout the grid. Based on the energy reserve capacities available, the VPP 

will provide aggregators with a reference power signal to track during the peak power 

period. 

3.1 Framework of the Peak Shaving Network  

Figure 3.1 shows the information flow between the VPP, a HTA (or HGA, depending 

on the configuration) and its respective LF and TCL aggregations. This figure shows the 

HTA controlling numerous types of TCLs such as EWHs, ETSs and EBHs as well as the 

VPP communicating a peak shaving request (i.e. reference power to track) with the HTA. 

Figure 3.1 also illustrates that a database is required to manage, and store TCL state 

information needed by the controller. The LF is required to forecast the aggregated daily 

load profile of the TCLs and provide guidelines on the HTA’s peak shaving capabilities. 

The VPP uses both the forecasted load profile and energy reduction bounds of an 

aggregator to formulate a reference power (𝑃𝑅𝑒𝑓) signal. The HTA/HGA controller uses its 

TCL data for control signals to track the requested 𝑃𝑅𝑒𝑓 signal and regulate the power 

consumption of its connected loads during the peak period. The upper and lower limits of 

an aggregator’s energy capacity is calculated using the forecasted aggregated load profile 
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of their connected TCLs. This forecasted load power consumption profile is also sent to 

the VPP and is the baseline power consumption (𝑃𝐵𝑎𝑠𝑒). As mentioned above, this value 

allows the aggregators to determine the capacity available to shift and resulting capacity 

achieved after control.  

 

Figure 3.1: Framework of the proposed peak shaving network. 
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It is important for the VPP to consider the energy capacity bounds while creating a 

request to ensure customer comfort is not significantly degraded. It is presumed that the 

customer comfort is dependent on the magnitude of change in the aggregated power of the 

loads with respect to the baseline. In this thesis, it is assumed that the 𝑃𝑅𝑒𝑓 is the required 

capacity that the aggregators provide for the VPP to achieve its network’s peak reduction. 

It is the overall responsibility of the VPP to allow the individual aggregators to proceed 

with their TCL control. The decision is based on the VPP’s optimization algorithm to 

achieve peak shaving with the best cost benefits and correct supply/demand power balance.  

3.2 Heterogeneous Aggregation of TCLs 

As stated earlier, the HTA will control various aggregations of TCLs and thus the 

basic TCL models are required for controller design. Selected parameters used in the 

models will be discussed in later chapters. 

3.2.1   TCL type 1: Electric Water Heater (EWH)   

An EWH typically consists of a cylindrical metal tank filled with water and is 

equipped with a heating mechanism inside the tank. There are two pipes connected to the 

water tank that are the inlet and the outlet water pipes. The inlet water pipe guides the 

unheated water to the bottom of the tank for heating purposes. The outlet pipe is placed on 

the top of the tank and distributes the heated water to the users. The water temperature is 

controlled by a thermostat that is connected in series with a resistive heating element. A 

thermostat monitors the water temperature in the tank and turns off the heating element 

once the set temperature is reached. In a typical water heater, a mechanical thermostat is 

used that includes some hysteresis which allows the temperature to go little past the set 
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point temperature until the thermostat state is switched. This prevents the thermostat from 

switching states instantly at the set temperature, allowing for the device to have a greater 

life span. The range given by the maximum and minimum temperature at which the 

thermostat switches its state is called the hysteresis or deadband of the thermostat.  

Water temperature can fluctuate due to multiple factors that include water 

consumption and increased standby heat losses from the insulated body of the tank. More 

details of the heat loss of the tank will be discussed in the load modelling section.  

3.2.1.1 Load Modelling of EWHs 

An EWH model formulates how the water temperature changes with the water 

consumption, power consumption and standby heat loss through the body of the tank. The 

model in this research work assumes a popular single temperature zone control mechanism 

consisting of a single heating element connected to a thermostat [59][21][56]. All 

temperature values in this model are in Celsius (oC). This model is assumed to have uniform 

tank temperature (𝑇) and is based on first-order differential equation that is,  

Ṫ(𝑡) =
1

𝐶
[𝑄(𝑡) − 𝐺(𝑇(𝑡) − 𝑇𝑜𝑢𝑡) − 𝜌𝑐𝑝𝑊𝐷(𝑡)(𝑇(𝑡) − 𝑇𝑖𝑛)], 

(3.1) 

where 𝐺 is the thermal conductance of the tank, 𝑇𝑜𝑢𝑡 is the ambient temperature, 𝑇𝑖𝑛 is the 

inlet water temperature, 𝑊𝐷  is the rate of consumption of water (Kg/sec), 𝑄 is the power 

consumed by the EWH, 𝜌 is the density of water (fresh water density = 1 g/cm3), 𝑐𝑝 is the 

specific heat of water (4190 J/Kg/oC) [59] and 𝐶 is the thermal capacitance of water tank 

(J/K). As mentioned previously, the incoming power (𝑃) of the water heater is a function 

of the water temperature present in the tank, shown in Eq. (3.2): 
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𝑃(𝑡) =  {
𝑃0

0
𝑃(𝑡 − 1)

 

  𝑇(𝑡) ≤ 𝑇−

  𝑇(𝑡) ≥ 𝑇+

  𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

 
(3.2) 

The water heater turns ON and consumes nominal power (𝑃0 – Power Rating of EWH) 

when 𝑇 goes below the minimum deadband temperature (𝑇−). The water heater turns OFF 

when the water temperature goes above the maximum deadband temperature (𝑇+). If the 

temperature is in between 𝑇− and 𝑇+ then the water heater keep the previous 𝑃 value. The 

EWH power consumption is given by: 

where 𝑚 is the ON/OFF status of the thermostat. The thermal capacitance is calculated 

using Eq. (3.4): 

𝐶 = 𝑉 ×  𝜌 × 𝑐𝑝, (3.4) 

where 𝑉 is the volume of the tank measured in Liters. It is important to note from Eq. (3.4) 

that the size of the tank changes the thermal capacitance of the tank, which can lead to a 

varying rate of change in tank temperature. 

 The standby heat loss, 𝐺(𝑇(𝑡) − 𝑇𝑜𝑢𝑡), of the EWH tank given in Eq. (3.1) and is 

the transfer of heat from the water tank to its exterior. The rate of transfer of heat by standby 

losses is dependent of the thermal resistance of the insulation material of the tank as well 

as the surface area and difference between the internal and ambient temperatures of the 

tank. The insulation material of the tank results in small standby losses and can be assumed 

to be constant.  

𝑊𝐷 is a leading factor in the water tank temperature change as the inlet pipe brings 

in unheated water to replace any water consumption. As expected, water consumption is 

𝑄(𝑡) = 𝑃(𝑡)𝑚(𝑡), (3.3) 
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instrumental in determining the EWH thermal energy storage capacity available for peak 

shaving control.  

3.2.2  TCL type 2: Electric Baseboard Heater (EBH) 

The EBH model is based on a resistive heating element, which works similar to the 

EWH heating element where an electric current passes through the element to create heat. 

The amount of heat needed to keep the room temperature at a user desired SP is determined 

by a thermostat with a hysteresis built into it. Typically, newer EBHs have electronic 

programmable thermostats for automatic SP changes during a period of less heat 

consumption during the day. A programmable thermostat that is capable of network 

connectivity is an important component feature when using EBHs for DR control since SPs 

are now accessible for control signals to allow the control of the power consumption. 

Section 3.2.1.1. has more detailed information of the details of a thermostat and hysteresis 

band.  

The heat loss in the room can cause the temperature in the room to drop below the 

minimum deadband of the EBH thermostat making the thermostat to switch its state and 

turn the EBH ON leading to the consumption of power. One of the main loss factors is the 

colder outside temperatures, resulting in greater heat flow losses through outside exposed 

walls. There are more factors that affect the heat loss of the room and these factors will be 

discussed in the next section.   

3.2.2.1 Load modelling of EBHs 

The modelling of a heating system mainly depends on the room parameters and 

external conditions, so thermal gains and losses of room need to be taken into consideration 
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while modelling an EBH. To estimate the rate of change of rooms temperature, Eq. (3.5) 

is used:  

𝑑𝑇

𝑑𝑡
(𝑡) =

𝑄𝑁(𝑡)

𝑚𝑎 × 𝐶𝑝
, 

(3.5) 

where 
𝑑𝑇

𝑑𝑡
 is change in temperature of the room, 𝑚𝑎 is the mass of air inside the room (Kg) 

and 𝐶𝑝is the specific heat capacity of air (𝐶𝑝=1003.5 J/Kg/oC) and 𝑄𝑁 is the net heat flux 

(W) of the room given by: 

𝑄𝑁(𝑡) = 𝑄𝐺𝑎𝑖𝑛(𝑡) − 𝑄𝐿𝑜𝑠𝑠(𝑡), (3.6) 

where 𝑄𝐺𝑎𝑖𝑛 represents the total heat flow gains (W) affecting the room like space heating, 

solar irradiance, and occupancy. We do not consider heat gained by solar irradiance and 

occupancy in this model for the sake of simplicity. 𝑄𝐿𝑜𝑠𝑠 represents the total heat flow 

losses through the room’s envelope, ventilation, and air leakage (W). 

 Heat flow through the room envelope (𝑄𝑒𝑛𝑣) and ventilation losses (𝑄𝑣) are the two 

factors that are considered for the heat loss in this model. They have been calculated using 

Eq. (3.7) and Eq. (3.8) respectively: 

𝑄𝑒𝑛𝑣(𝑡) =
𝑇𝑖𝑛𝑡(𝑡) − 𝑇𝑒𝑥𝑡(𝑡)

𝑅𝑡ℎ
 

(3.7) 

𝑄𝑣 = 0.33 × 𝑛 × 𝑉, 
(3.8) 

where 𝑇𝑖𝑛𝑡 is the temperature inside the room in oC, 𝑇𝑒𝑥𝑡 is the outdoor temperature in oC, 

𝑅𝑡ℎ is the total thermal resistance of the room (K/W), 𝑛 is the number of air changes per 

hour (ACH) and 𝑉 is the volume of the room in 𝑚3. The sum of 𝑄𝑒𝑛𝑣 and 𝑄𝑣 is the total 

heat lost (𝑄𝐿𝑜𝑠𝑠) in the model. The model is assumed to have two exterior walls exposed to 

the outside temperature, a concrete floor being exposed to the earth, windows and door 
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being present in the room with randomized thermal resistance and the roof being exposed 

to an attic. The remaining two interior walls was assumed to have negligible heat flux 

keeping the model complexity to a minimum.   

𝑄𝐺𝑎𝑖𝑛 in the model comes from the heat distributed by the EBH. To achieve comfort 

for the EBH user, the sizing of the EBH placed in the room has to be correct and is based 

on the total heat loss of the room. An EBH that is sized too small for a given room cannot 

maintain the desired ambient room temperature as the heat loss is greater than the heat gain. 

3.2.3 TCL type 3: Electric Thermal Storage Unit (ETS) 

ETSs have a high capacity to store thermal energy and are mainly composed of 

heating elements, bricks and a ventilation damper. Energy from the heating elements is 

stored by the bricks during off-peak electricity demand times and then released when 

needed, ideally during peak times. There are two thermostats in an ETS: one detects brick 

temperature and other detects the room temperature. Once the temperature in the room or 

the bricks reaches the maximum deadband the thermostats will change its states and turn 

OFF the power consumption of the ETS.   

The bricks have a high thermal energy storage capacity and store the heat from the 

heating elements for a long period of time since the brick temperatures can reach hundreds 

of degrees Celsius. The energy storage capability of the bricks means that the ETS does 

not have to consume electricity at the same time the heat is required to heat the room. This 

feature is a big difference when compared to the EBH and makes the ETS a more capable 

resource for this purpose of peak period shaving. 
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3.2.3.1 Load Modelling of ETSs 

In an ETS there are two heat transfers mechanism that occur between the ETS and 

the room: the heating element supplying heat to the bricks and the bricks transferring heat 

to the air. Ignoring any smaller heat transfers characteristics occurring inside the ETS 

results in the simplified heat transfer relationship shown in Eq. (3.9): 

𝜂 ∑𝑃𝐸𝑇𝑆 ∙ 𝑇𝑂𝑁_𝑖

𝑖

= ∑𝐻𝑒𝑎𝑡𝑙𝑜𝑠𝑠 × 𝑇𝑂𝐹𝐹_𝑗    

𝑗

, (3.9) 

 

where 𝜂 is the efficiency of the ETS, 𝑃𝐸𝑇𝑆 is the power rating of the ETS, 𝐻𝑒𝑎𝑡𝑙𝑜𝑠𝑠 is the 

total heat loss of the room,  𝑇𝑂𝑁_𝑖 and 𝑇𝑂𝐹𝐹_𝑗 are the periods of ETSs under ON and OFF 

operation respectively. From Eq. (3.9), the heat loss in the room is balanced with the heat 

being transferred from the ETS to the room, hence keeping the room at the set temperature 

preventing any possible user discomfort.  

The simplistic model equation shown in Eq. (3.9) can further be broken down into 

more detail. Eq. (3.10) is the heat transfer between the ETS and the room:  

𝑚𝑟𝐶𝑝

𝑑𝑇𝑟

𝑑𝑡
= ∑ 𝑈𝑖

𝑁𝑠𝑢𝑟𝑓𝑎𝑐𝑒

𝑖=1

𝐴𝑖(𝑇∞ − 𝑇𝑟) + 𝑚̇𝑖𝑛𝑓𝐶𝑝(𝑇∞ − 𝑇𝑟)+𝛾𝑠𝑚̇𝑠𝑢𝑝𝐶𝑝(𝑇𝑠𝑢𝑝 − 𝑇𝑟), (3.10) 

where 𝑚𝑟 is air mass in room area, 𝐶𝑝 is the specific heat of air, 𝑇𝑟 is the room temperature, 

𝑈𝑖 is the heat transfer coefficient of the surface area of the room, 𝐴𝑖 is the surface area of 

the room, 𝑇∞ is the outdoor temperature, 𝑚𝑖𝑛𝑓 is air flow due to ventilation, 𝛾𝑠 is the value 

of the damper to turn ON/OFF, 𝑚𝑠𝑢𝑝 is the flow rate of air from damper to room and 𝑇𝑠𝑢𝑝 

is the temperature of air supplied to the room from the ETS bricks. 

Eq. (3.10) indicates that a change in room temperature is dependent on the supplied 

heat energy by the ETS dampers, room size and the heat loss caused by the heat flux of the 
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surface area of the room exposed to outside temperature with the room temperature. The 

heat loss of the room is similar to that of the EBH where the lower thermal resistance of 

exterior walls exposed to the outside temperature drastically affects the room’s heat 

transfer characteristics.  

The ETS dampers allow heat stored in the bricks to supply the heat required to keep 

the user defined set temperature in the room. As mentioned previously, the ETS has a 

thermostat present not only for the room temperature but also for the bricks. The model’s 

power consumption is based on the brick’s thermostat. If the temperature of the bricks 

drops below its minimum deadband, the bricks will be unable to supply the heat to keep 

the desired room temperature causing user discomfort. Controlling the ETS brick 

thermostat is instrumental in maintaining user comfort, while allowing access to its energy 

storage capability.   

3.3 Data Pre-Processing  

All the TCLs connected to the HTA have sensor data sent at a defined timestep and 

the communication channel is considered to be transparent in terms of latency, reliability 

and bandwidth. The controller present in the HTA uses the temperature sensor readings 

from the water tanks (EWHs), bricks (ETSs) and the rooms (EBHs). Different temperature 

ranges of each TCL type will lead to controller biases in selecting the type of TCL (e.g. 

ETS brick temperatures above 500 degrees Celsius [60]) for control, resulting in one type 

of TCL aggregation contributing more to the peak shaving request. The overuse of one type 

of TCL aggregation may cause a reduction in this capability and impact the life span of 

that TCL. In order to negate the controller biases, the temperatures can be normalized with 
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respect to their minimum and maximum deadband temperatures. The normalization of the 

temperature is done by using Eq. (3.11): 

𝑇𝑥−𝑛𝑜𝑟𝑚(𝑡) =
𝑇𝑥−𝑐𝑢𝑟𝑟(𝑡) − 𝑇𝑥−𝑚𝑖𝑛(𝑡)

𝑇𝑥−𝑚𝑎𝑥(𝑡) − 𝑇𝑥−𝑚𝑖𝑛(𝑡)
  , 

(3.11) 

where 𝑥 is either EWH, ETS or EBH, 𝑇𝑥−𝑛𝑜𝑟𝑚 is the normalized temperature of the TCL, 

𝑇𝑥−𝑐𝑢𝑟𝑟 is the current temperature of environment controlled by the TCL, 𝑇𝑥−𝑚𝑖𝑛 is the 

minimum deadband temperature of the TCL and 𝑇𝑥−𝑚𝑎𝑥 is the maximum deadband 

temperature of the TCL. The calculated normalized temperatures are then used by the HTA 

controller to choose which devices will be controlled for peak shaving. This will be 

discussed in detail in further chapters.  

3.4 TCL Control Strategies  

As previously indicated, the HTA controls the total power consumed by the 

aggregation of EWHs, EBHs and ETSs in order to track the 𝑃𝑅𝑒𝑓 provided by the VPP, 

while maintaining customer comfort. The EWHs and ETSs will be managed by an ON/OFF 

control strategy, while the EBHs will respond to a SP variation control strategy. The details 

of the ON/OFF and SP control strategy are discussed below.   

3.4.1 ON/OFF control for EWH and ETS  

An ON/OFF controller has the ability to turn a TCL ON and OFF allowing the TCL 

to consume and not consume power, respectively. In normal operation, the thermostat in 

an TCL acts like a switch that controls the power consumption. A thermostat’s ON/OFF 

state depends on the temperature of the environment the thermostat is controlling. The TCL 

is deemed uncontrollable if its normal thermostatic operation cannot be interrupted. To 
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make these TCLs controllable, a simple external relay is attached in series with the 

thermostat and is used to control the power consumption of a TCL with a thermostat being 

in an ON state. For this case, the external relay must be turned OFF when the temperature 

of the environment is near the maximum deadband temperature. This reduces the power 

consumption until the temperature of the environment reaches the minimum deadband limit 

at which the relay must be turned back ON in order to prevent user discomfort. The TCL 

thermostat being ON with the capability of turning the relay OFF and ON ultimately results 

in the TCL’s ability to store and release energy when needed.  

It should be noted that accurate temperature readings are essential to the HTA 

controller to ensure the external relay logic is applied such that the TCL deadband 

temperature is maintained. For ON/OFF control in this thesis, the thermostats controlling 

the EWH’s tank temperature and the ETS’s brick temperature are considered to be 

mechanical with relays attached in series.  

Figure 3.2 shows the thermodynamics of the water tank temperature of an 

individual EWH with no user consumption. An ON/OFF controller was used to turn OFF 

the EWH heating at 7:00 from an ON state and was turned back ON at 9:00 from an OFF 

state. Controlling the status of the EWH by the ON/OFF controller altered the time and 

duration of power consumption when compared to the EWH without control, allowing the 

ON/OFF controller to be beneficial for peak shaving. The same effects are seen when an 

aggregation of EWHs is controlled using an ON/OFF controller. Similar results are 

expected for the ETS using ON/OFF control in this thesis. 
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Figure 3.2: ON/OFF control on an EWH. 

3.4.2 SP Control for EBH 

A SP controller modifies the SP temperature of a TCL above or below its user 

defined SP to alter its power consumption allowing for peak shaving potential. Newly 

manufactured EBHs typically do not use mechanical thermostats but have digital 

thermostats with the capability of controlling the SP through network connectivity.  

Figure 3.3 shows the temperature of a room with a EBH SP change at 11:00 from 

22oC to 23oC. The change in SP caused the maximum and minimum deadband temperature 

to increase, resulting in a room temperature that exceeds its previous maximum deadband 

temperature. With this change in SP the ON time of the EBH increases causing an altered 

power consumption. In this thesis, it is assumed that changing the SPs can also cause the 

following impacts:  

1. An EBH in an OFF state with its room temperature below the new minimum deadband 

temperature, will switch the EBH ON. 
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2. An EBH in an ON state with its room temperature above the new maximum deadband 

temperature will switch the EBH OFF. 

3. An EBH in an OFF state with its room temperature above the new maximum deadband 

temperature will keep the EBH OFF. 

4. An EBH in an ON state with its room temperature above the new minimum deadband 

will keep the EBH ON.  

 

Figure 3.3: Change of SP of EBH from 22oC to 23oC. 

3.5 Periods of Load Control 

The control of the TCLs can be broken up into three different time periods (start time 

and duration) as shown in Figure 3.4, the pre-charge, the peak shaving and the payback 

period. As indicated previously, the VPP capacity request provides information on the peak 

shaving period and in response, the HTA sets the corresponding pre-charge and payback 

periods. For the simulation results presented in this thesis, these three periods will be used 

for aggregation comparison purposes.  
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Figure 3.4: Visualization of baseline and controlled aggregated power consumption profile of 1500 

EWHs with three load control periods: pre-charge, peak-shaving and payback. 

3.5.1 Pre-Charging Control Time Period 

During this period, all available TCLs are commanded by the HTA to turn ON 

allowing them to pre-heat their controlled environments prior to the peak shaving period. 

This causes thermal energy to be stored, which can then be discharged during the following 

peak period. Pre-charging of TCL’s gives the HTA the ability to turn off more TCLs during 

the peak while maintaining user comfort. Also, pre-charging provides more stored energy 

in the system, helping to reduce the amount of payback after peak shaving control. In 

Figure 3.4, controlled and uncontrolled (baseline) power consumption of an aggregated 

1500 EWHs is shown. It can be seen from the controlled load profile that during pre-

charging period, the power demand is above the baseline as the TCLs have been turned 

ON for pre-heating. This increases the stored thermal energy in the water tanks before the 

peak causing an increase in capacity that can be used to peak shave.  
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3.5.2 Peak Shaving Control Time Period 

The VPP defines the peak shaving control time period for which the HTA performs 

a peak shaving operation (Figure 3.4). Turning OFF of devices is regulated by the HTA 

controller in an attempt to satisfy the VPP peak shaving request. Figure 3.4 shows the 

aggregated load profile of the controlled 1500 EWHs tracking the VPP’s request of a 

constant 2.6 MW for a VPP defined 2-hour peak period (7:00 – 9:00). 

3.5.3 Payback Effect Control Time Period 

This period occurs after the end of the peak shaving period. After the control for 

peak shaving is removed, the TCLs used for control compensate for the outage of power 

and try to reset the temperature to its predefined values. This can cause a significant spike 

in power consumption after the control period, possibly leading to a bigger peak than the 

peak that was shaved. This spike in power is called the “payback effect”. This spike can be 

seen in the controlled aggregated power of the 1500 EWHs in Figure 3.4. It is still necessary 

for the HTA controller to provide additional support after pre-charging to help manage this 

effect. 
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4 Chapter 4 – Controlling of an Aggregation of Heterogeneous Loads 

for Peak Shaving 

This chapter will provide a more detailed discussion on the HTA’s control priority of 

the TCLs and the equations used for control. The peak shaving results verifying the 

functionality of the HTA and its proposed control algorithm will also be presented in this 

chapter. The HGA using a single-type homogeneous aggregation will also be simulated 

and presented in this chapter. 

4.1  HTA Control Framework  

Figure 4.1 depicts the HTA controller operation which is performed at each time step 

during the three control periods. During the control periods, the HTA queries the database 

for variables required by the control algorithm to check TCL status, estimate 𝑃𝑒𝑓𝑓 and 

create the dynamically sorted priority list (DSPL). 

 

Figure 4.1: Control algorithm process flow of the HTA. 

4.1.1 TCL Status 

The ON/OFF status of a TCL’s thermostat is determined in order to prevent the 

temperature of the TCL from exceeding its deadband limits. The TCLs that are to be turned 
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OFF in the next time step are flagged and their power ratings summed to form 𝑃−. The 

TCLs that are turning ON in the next time step have their power ratings summed (𝑃+). 

Using the calculated 𝑃+and 𝑃−, 𝑃𝑒𝑥𝑡𝑟𝑎 is determined using Eq. (4.1): 

𝑃𝑒𝑥𝑡𝑟𝑎(𝑡) =  𝑃−(𝑡) − 𝑃+(𝑡) (4.1) 

𝑃𝑒𝑥𝑡𝑟𝑎 denotes the total power from the aggregation that will be turned ON or OFF without 

any control applied to the next time step to prevent the violation of the TCL thermostat 

deadband constraints. This value is also used to help correct for power deviations in the 

calculation of 𝑃𝑒𝑓𝑓 that will be discussed further in the next section. 

4.1.2 Estimation of 𝑷𝒆𝒇𝒇 

This process first calculates the aggregated power (𝑃𝐴𝑔𝑔) of all TCLs connected to 

the HTA at each time step by summing their power consumption. 𝑃𝑒𝑓𝑓 is then determined 

from the following equation:  

𝑃𝑒𝑓𝑓(𝑡) = 𝑃𝑅𝑒𝑓(𝑡) − 𝑃𝐴𝑔𝑔(𝑡) + 𝑃𝑒𝑥𝑡𝑟𝑎(𝑡) (4.2) 

𝑃𝑒𝑓𝑓 can either be positive or negative depending on the 𝑃𝑅𝑒𝑓 tracking request from the 

VPP, the available aggregated power, 𝑃𝐴𝑔𝑔, and 𝑃𝑒𝑥𝑡𝑟𝑎 found in Eq. 4.1. A negative Peff 

requires TCLs to turn OFF or stay OFF in the next time step where as positive 𝑃𝑒𝑓𝑓 simply 

implies the opposite.  

4.1.3 Dynamically Sorted Priority List (DSPL) 

The DSPL created by the HTA indicates the ETS and EWH units that need to turn 

ON or OFF and EBHs requiring a SP change in the next time step. This sequential 

processing of this list facilitates 𝑃𝐴𝑔𝑔 to follow 𝑃𝑅𝑒𝑓. The DSPL prioritizes and chooses 
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specific TCLs for control by their calculated 𝑇𝑥−𝑛𝑜𝑟𝑚, to minimize the ON/OFF switching 

of each TCL. This attempts to control all TCLs in a fair and equitable manner. The DSPL 

is generated based on the value of 𝑃𝑒𝑓𝑓 and the method for prioritizing the TCLs for control 

is defined below:  

1. If 𝑃𝑒𝑓𝑓 is negative, the HTA needs TCLs to turn OFF or stay OFF in the next time step 

to decrease power consumption. Figure 4.2 shows the conditions that need to be met in 

order to select a device for control. The control strategies change based on the load type 

selected for control. For this research, EBHs use SP control since it is assumed there is 

no ability to directly control the ON/OFF state of the EBH’s thermostat. In Figure 4.2, 

condition 5 enables the selected EBH to turn OFF by decreasing the SP by a selected 

SP step (𝑇𝑆𝑡𝑒𝑝) whereas condition 7 enables the EBHs to remain OFF in the next time 

step. Condition 9 allows the selected ETS or EWH units to turn OFF while maintaining 

user comfort as the temperature of the selected device is within the thermostat’s 

deadband width (∆𝑇). 
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Figure 4.2: Flow of conditions for selecting a device if Peff is negative. 

2. If 𝑃𝑒𝑓𝑓 is positive, the HTA needs TCLs to turn ON or stay ON in the next time step to 

increase power consumption to the grid. Eligible EBHs have their SPs increased in 

order to turn them ON or keep them from turning OFF. Also, eligible ETS and EWH 

units are turned ON to increase load demand. The conditions to select a device for 

control when 𝑃𝑒𝑓𝑓 is positive is shown in Appendix A, Figure A.1.  

3. The number of TCL devices to be controlled from the DSPL is found by summing the 

power consumed, 𝑝 , in the next time step by each individual device selected from the 

DSPL. The devices are selected until 𝑝 is equal to or greater than the absolute value of  

𝑃𝑒𝑓𝑓. If this is not satisfied, the process continues until all TCLs in the list have been 

exhausted. 
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The TCL status check, estimation of 𝑃𝑒𝑓𝑓 and creation of the DSPL are done at each 

sample period of the control. A smaller sampling period increases the data communication 

requirements, needs faster hardware to process data and increases the wear and tear of the 

TCLs. A larger sampling period causes the controller to match 𝑃𝑒𝑓𝑓 less frequently leading 

to an increase in errors while trying to track 𝑃𝑅𝑒𝑓. A 3 min sampling period was found to 

give a good balance between the two options. Also, 𝑇𝑆𝑡𝑒𝑝 for SP changes were limited to 

plus or minus 1oC based on research in [8]. This yielded good capacity results while 

maintaining customer comfort. 

4.2 HTA Control Periods 

4.2.1 Pre-Charging Control  

The goal of pre-charge control is to obtain the highest possible energy stored in the 

aggregation of EWHs, ETSs and EBHs before the peak period.  To achieve the pre-

charging control objective, a pre-charge tracking signal (𝑃𝑟𝑒_𝑃𝑟𝑒𝑓) was created to turn ON 

TCLs to reach its maximum deadband temperature. 𝑃𝑟𝑒_𝑃𝑟𝑒𝑓 was used as the tracking 

signal to determine the required 𝑃𝑒𝑓𝑓, which is needed to create the pre-charge DSPL. To 

compute the 𝑃𝑟𝑒_𝑃𝑟𝑒𝑓 Eq. (4.3) is used, 

𝑃𝑟𝑒_𝑃𝑟𝑒𝑓(𝑡) = 𝑃𝐵𝑎𝑠𝑒(𝑡) + (𝑃𝑚𝑎𝑥 × 5%), (4.3) 

where 𝑃𝑚𝑎𝑥 is the aggregated power when all the TCLs in the aggregation that turned are 

ON. The addition of 5% is used as this small increase in power consumption above 𝑃𝐵𝑎𝑠𝑒 

allows the energy present in the TCL’s aggregation to increase. Mean state of charge 
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(𝑆𝑂𝐶𝑚𝑒𝑎𝑛) can be used as an indicator of energy present in the connected TCL’s 

aggregation. 𝑆𝑂𝐶𝑚𝑒𝑎𝑛 is calculated using Eq. (4.4): 

𝑆𝑂𝐶𝑚𝑒𝑎𝑛(𝑡) = 𝑚𝑒𝑎𝑛(
𝑇⃗ (𝑡) − 𝑇⃗ −(𝑡)

𝑇⃗ +(𝑡) − 𝑇⃗ −(𝑡)
) × 100, 

(4.4) 

where 𝑇⃗  a vector of the current temperature of the TCLs, 𝑇−
⃗⃗⃗⃗  is a vector of the minimum 

deadband temperature of the TCLs and 𝑇⃗ + is a vector of the maximum deadband 

temperature of the TCLs.  

 The calculated 𝑃𝑟𝑒_𝑃𝑟𝑒𝑓 is used until two consecutive timesteps have an increasing 

𝑆𝑂𝐶𝑚𝑒𝑎𝑛. The difference of the two consecutively increasing 𝑆𝑂𝐶𝑚𝑒𝑎𝑛 (∆𝑆𝑂𝐶)  datapoints 

is calculated for the purpose of determining the final 𝑆𝑂𝐶𝑚𝑒𝑎𝑛 at the end of the pre-charge 

period. Assuming 𝑆𝑂𝐶𝑚𝑒𝑎𝑛 increases linearly over the pre-charge time period with a slope 

indicated by ∆𝑆𝑂𝐶, the final state of charge reached by the end of pre-charging (𝑆𝑂𝐶𝑅𝑒𝑎𝑐ℎ) 

is calculated using the total time remaining (𝑡𝑑𝑖𝑓𝑓) for pre-charge control. If the final 

𝑆𝑂𝐶𝑚𝑒𝑎𝑛 does not reach 95% ±5 (highest possible percentage, 𝑆𝑂𝐶𝑇𝑎𝑟𝑔𝑒𝑡),  𝑃𝑟𝑒_𝑃𝑟𝑒𝑓 is 

re-calculated using Eq. (4.5):  

𝑃𝑟𝑒_𝑃𝑟𝑒𝑓(𝑡) = 𝑃𝐵𝑎𝑠𝑒(𝑡) + (
𝑛𝑒𝑤∆𝑆𝑂𝐶 ×  𝑃𝑟𝑒_𝑃𝑟𝑒𝑓(𝑡 − 1)

∆𝑆𝑂𝐶
) , 

(4.5) 

where 𝑛𝑒𝑤∆𝑆𝑂𝐶 represents the new ∆𝑆𝑂𝐶 that is required to raise the 𝑆𝑂𝐶𝑚𝑒𝑎𝑛 to the 

𝑆𝑂𝐶𝑇𝑎𝑟𝑔𝑒𝑡 by the end of the pre-charge period. That is, 

𝑛𝑒𝑤∆𝑆𝑂𝐶 =
𝑆𝑂𝐶𝑇𝑎𝑟𝑔𝑒𝑡 × ∆𝑆𝑂𝐶

𝑆𝑂𝐶𝑅𝑒𝑎𝑐ℎ
 , 

(4.6) 

where 𝑛𝑒𝑤∆𝑆𝑂𝐶 increases the 𝑆𝑂𝐶𝑚𝑒𝑎𝑛 near the desired 𝑆𝑂𝐶𝑇𝑎𝑟𝑔𝑒𝑡, but may deviate due 

to unpredictable parameters that affect TCL power consumption, e.g. change in customer 
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usage or outdoor temperature fluctuations. Since the calculation of 𝑃𝑟𝑒_𝑃𝑟𝑒𝑓 assumes a 

linear increase in 𝑆𝑂𝐶𝑚𝑒𝑎𝑛, 𝑃𝑟𝑒_𝑃𝑟𝑒𝑓 theoretically can cause a power consumption greater 

than the peak that is to be shaved. To solve this issue, 𝑃𝑟𝑒_𝑃𝑟𝑒𝑓 is limited to less than or 

equal to the forecasted peak value, preventing 𝑃𝑟𝑒_𝑃𝑟𝑒𝑓 from creating a new unwanted 

peak in the system.  

4.2.2 Peak Shaving Control 

As indicated previously, this research will use both heterogeneous and homogeneous 

aggregations of TCLs. A HTA controller with access to a heterogeneous aggregation has 

the flexibility to choose from different types of TCLs to send control signals in order to 

achieve the required 𝑃𝑒𝑓𝑓. Using a heterogeneous aggregation may also allow for a 

potential increase in peak shaving energy and user comfort satisfaction. This will be 

assessed in the sections to follow. It should be also noted that unlike the pre-charging 

control strategy where 𝑃𝑅𝑒𝑓 is created by the HTA, 𝑃𝑅𝑒𝑓 for peak shaving control is always 

provided by the VPP.  

4.2.3 Payback Effect Control 

After the peak shaving period, controlled EWHs and ETSs will turn back ON and EBHs 

have their user defined SPs reset to regain the energy lost during the peak to avoid user 

comfort issues. As mentioned previously, the reactivation of TCLs after peak shaving 

control can create a new unwanted peak in the system. To avoid this new peak, the 

controller tracks a new reference signal (𝑃𝑜𝑠𝑡_𝑃𝑟𝑒𝑓) created by the HTA, that is, 

𝑃𝑜𝑠𝑡_𝑃𝑟𝑒𝑓(𝑡) =  𝑃𝐵𝑎𝑠𝑒(𝑡) + (𝑃𝐴𝑙𝑙−𝑚𝑎𝑥(𝑡) ∗ 2%), (4.7) 
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where 𝑃𝐴𝑙𝑙−𝑚𝑎𝑥 is the sum of 𝑃𝑚𝑎𝑥 of all connected TCLs,  

𝑃𝐴𝑙𝑙−𝑚𝑎𝑥(𝑡) = 𝑃𝑚𝑎𝑥−𝐸𝑊𝐻(𝑡) + 𝑃𝑚𝑎𝑥−𝐸𝑇𝑆(t) + 𝑃𝑚𝑎𝑥−𝐸𝐵𝐻(t)    
(4.8) 

From Eq. (4.7), it can be seen that 𝑃𝑜𝑠𝑡_𝑃𝑟𝑒𝑓 for the payback effect control action is higher 

than 𝑃𝐵𝑎𝑠𝑒 by a certain percentage. In this research, 2% was found to be a good balance to 

provide payback effect control and avoid the creation of a new peak. In order to control the 

payback effect effectively, the controller regulates the connected TCL’s 𝑃𝐴𝑔𝑔 to track 

𝑃𝑜𝑠𝑡_𝑃𝑟𝑒𝑓. The resulting 𝑃𝑒𝑓𝑓 for this control period formulates the TCL groups to turn 

ON to reduce the payback effect.  

During the peak reduction period, controlled 𝑆𝑂𝐶𝑚𝑒𝑎𝑛 is reduced below the baseline 

𝑆𝑂𝐶𝑚𝑒𝑎𝑛.  During the payback period, 𝑃𝑜𝑠𝑡_𝑃𝑟𝑒𝑓 regulation signal is above 𝑃𝐵𝑎𝑠𝑒 and thus 

more energy is added to the system than consumed causing 𝑆𝑂𝐶𝑚𝑒𝑎𝑛 to increase. Once 

𝑆𝑂𝐶𝑚𝑒𝑎𝑛 is equal to or greater than baseline 𝑆𝑂𝐶𝑚𝑒𝑎𝑛, the system is assumed to have 

regained all energy lost due to peak shaving and its baseline energy is retained. This allows 

𝑆𝑂𝐶𝑚𝑒𝑎𝑛 to be used as an indicator for the time needed to control the payback effect. The 

controller tracks 𝑃𝑜𝑠𝑡_𝑃𝑟𝑒𝑓 until such time after which the payback control is turned OFF 

and the TCLs are allowed to resume its local thermostatic control. 

4.3  Full Control Strategy Implementation 

The complete flow diagram using ON/OFF and SP control algorithms by the HTA is 

shown in Appendix A, Figure A.2. The details of the steps for control are summarized 

below:  
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1. The VPP defines the time period considered as a peak period and creates 𝑃𝑅𝑒𝑓 for the 

HTA’s 𝑃𝐴𝑔𝑔 to track.  

2. Based on the current time of the system and defined peak period time, the HTA either 

uses pre-charge, peak period or payback effect control. 

3. The pre-charge and payback effect control uses 𝑃𝑅𝑒𝑓 calculated by the HTA using Eq. 

(4.5) and Eq. (4.7), while the peak period control uses 𝑃𝑅𝑒𝑓 communicated by the VPP.  

4. For each control period time step, 𝑃𝑒𝑓𝑓 is calculated using Eq. (4.2). 

5. At each time step of the selected control period, the controller calculates 𝑇𝑥−𝑛𝑜𝑟𝑚 (Eq. 

(3.11)) to create a DSPL list in to turn ON/OFF TCLs according to the calculated 𝑃𝑒𝑓𝑓. 

6. Depending on the selected TCL to control from the DSPL, the HTA uses an ON/OFF 

control signal or SP variation control signal.  

7. At the end of the payback control period no control is applied. The EBHs are returned 

back to their user defined SPs and the EWHs and ETSs units operate according to their 

local thermostatic control. 

4.4  Simulation Results for Proposed Control Strategy  

For this section, a heterogeneous aggregation consisting of ETSs, EWHs and EBHs are 

controlled by the HTA to assess performance in the critical areas of pre-charging, peak 

shaving and payback effect. These results are compared to a HGA to determine any 

potential advantages of using diverse TCL types for the desired control outcomes. As 

mentioned previously, the HGA’s control framework is the same as the HTA but with only 

one TCL type available for control. 
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4.4.1 Parameters of the Models  

All the models in this research will use the same ambient outdoor temperature 

profile, which was acquired for winter days in Saint John, NB (Figure 4.3). The models are 

run for 2 days with the start of the second day being considered as the starting point for 

analysis, allowing for the models to reach its steady state after initialization. The number 

of devices used in the EWH, ETS and EBH aggregations are given in the subsections below 

and are based on SJE network’s pilot project’s goals. Parameters of individual TCL models 

have been randomized within their operational boundaries to make sure that aggregations 

replicate realistic scenarios. 

 

Figure 4.3: Ambient outdoor temperature profile used by models. 

4.4.1.1  EWH aggregation model 

The EWH aggregation consists of 1500 EWH units. The parameters of the EWH 

model are given in Table 4.1 [59][61]. The volumes and power ratings were selected based 

on majority EWHs in the SJE water heater network. The SPs of the water heaters are 

randomly set between T+ and T-  and do not extend past these respected values given in 
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Table 4.1. The hot water consumption profiles associated with each modeled water heater 

in accordance to the consumption profiles proposed by ASHRAE [62]. 

Table 4.1: Parameters of simulated EWHs. 

Parameters Values 

Upper Limit of EWH SP (oC) (T+) 60 oC 

Lower Limit of EWH SP (oC) (T-) 50 oC 

Volume of Tank (Liters) 200, 300 

Power Rating (P) 3 kW, 4.5 kW 

House temperature (oC) NormalDistribution:12oC–Mean,2oC–

Standard deviation 

Inlet Water Temperature (oC) 8 oC - 15 oC 

4.4.1.2  ETS aggregation model 

An aggregation size of 50 ETSs is used in this research. The ETSs are modeled 

with respect to their charge present in the bricks of the units and the parameters given in 

Table 4.2 [63]. The thermal resistance and capacitance of the rooms are random numbers 

from a normal distribution within the range given in Table 4.2.  

Table 4.2: Parameters of simulated ETSs.  

Parameters Values 

Power Rating (P) 3 kW, 4.5 kW, 7.5 kW, 9 kW 

Thermal Resistance (R) 2 oC/kW - 3 oC/kW 
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Thermal Capacitance (C) 3 kWh/oC - 4 kWh/oC 

Thermostat temperature setpoint (Ts) 18 oC - 24 oC 

Storage Capacity  13.5 kWh, 20.25 kWh, 27 kWh, 33.75 kWh 

4.4.1.3  EBH aggregation model 

The aggregation size of the EBH used in this research is 1200. Like ETSs, the 

thermal resistance and capacitance are random numbers drawn from a normal distribution 

within the range mentioned in Table 4.3. All the rooms for the EBHs are assumed to be 

occupied and the heat transfer from the electrical heating elements are assumed to be 

transferred without losses. Each room is considered to have one EBH which is sized 

accordingly as mentioned in Section 3.2.2.1. 

Table 4.3: Parameters of simulated EBHs. 

Parameters Values 

Power Rating (P) 0.5 kW-2 kW 

Thermal Resistance (R) 2 oC/kW - 3 oC/kW 

Thermal Capacitance (C) 3 kWh/ oC - 4 kWh/ oC 

Thermostat temperature setpoint (Ts) 18 oC - 24 oC 

Deadband Width (∆𝑇) 3 oC 

Efficiency 100% 

4.4.2 Simulation test cases 

There will be four different test cases shown in this subsection to show the effects 

of peak shaving with a heterogeneous aggregation using the HTA. For comparison 
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purposes, the same test cases will also be shown using homogeneous aggregations 

controlled by a HGA. The test cases compose of a 1-hour, 2-hour, 3.5-hour and 5-hour 

peak period defined by the VPP. The VPP request for the simulations is based on the 

maximum energy reduction capacity determined by the HTA or HGA. In reality, the VPP’s 

optimization algorithm can yield different VPP requests than shown in simulations.  

Except for the 1-hour simulation, it is assumed that the peak period starts at 7am 

and has a duration as in the above test case and is done to maintain consistent interpretation 

of the simulated results. In normal operations, the peak period start time and duration is 

based on the forecasted load profile calculated by the LF. The 1-hour peak period will start 

from 7:30am as the highest peak value will be observed between 7:30 and 8:30am. For our 

simulation results, it is assumed that a 2-hour pre-charge period for the EWH and EBH 

units occurs prior to peak shaving control. ETSs are pre-charged overnight starting from 

1am given their energy storage flexibility. Finally, payback effect control is applied after 

the peak period and the respective results are also provided. 

In the figures of this subsection, the “Baseline” is given by 𝑃𝐵𝑎𝑠𝑒, “Full control” is 

𝑃𝐴𝑔𝑔 with pre-charge, peak shaving and payback effect control, “Pre-Charge Control” is 

𝑃𝐴𝑔𝑔 with pre-charge and peak shaving control but without payback effect control and “No 

Pre-charge Control” is 𝑃𝐴𝑔𝑔 with peak shaving control but without pre-charge and payback 

effect control. The “Reference Power” is the VPP request signal that the HTA and HGA 

attempt to track during the peak period, the “Capacity Request Time” is the time when the 

VPP request was made and the “Payback Control Time” is the time when the payback 

effect control has concluded. 
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The effect of the HTA and HGA controller altering the aggregated load profiles can 

be seen when compared to the baseline power, 𝑃𝐵𝑎𝑠𝑒. The effects of not controlling the 

payback effect with and without pre-charge control has also been shown in the simulation 

figures.  

4.4.2.1   Test Case 1: 2-hour peak period – Maximum Energy Shaving  

Figure 4.4 shows the HTA controlling the heterogeneous aggregation of TCLs 

based on unit aggregation sizes previously mentioned. It can be seen that HTA controls 

𝑃𝐴𝑔𝑔 (Full Control) of TCLs to track 𝑃𝑅𝑒𝑓 during the peak period. The pre-charge period 

causes an increase in 𝑃𝐴𝑔𝑔 from 𝑃𝐵𝑎𝑠𝑒 as the controller tracks 𝑃𝑟𝑒_𝑃𝑟𝑒𝑓 created by the 

HTA. The pre-charging causes 𝑆𝑂𝐶𝑚𝑒𝑎𝑛 to increase, providing an increase in available 

stored energy in the aggregation allowing for the HTA to track 𝑃𝑅𝑒𝑓 for peak shaving. The 

effect of not pre-charging can also be seen in same figure (No Pre-Charge Control). 

Without pre-charging, the HTA is unable to meet the reference power from the VPP since 

the energy stored is insufficient to meet this request. This can be seen from the zoomed 

boxes present in Figure 4.4 – 4.7, where 𝑃𝐴𝑔𝑔 with no pre-charging is unable track 𝑃𝑅𝑒𝑓. 

As discussed earlier, the amount of reduction in 𝑆𝑂𝐶𝑚𝑒𝑎𝑛 below its baseline value during 

the peak shaving period can directly impact the payback effect. The use of a pre-charge 

control can limit this reduction and, consequently, reduce the payback effect when 

compared to no pre-charge control. This can be observed in the magnitude of payback 

effect for 𝑃𝐴𝑔𝑔 with and without pre-charging shown in Figure 4.4.  

As stated earlier and shown in Figure 4.4 (Full Control) the proposed payback effect 

control tracks 𝑃𝑜𝑠𝑡_𝑃𝑟𝑒𝑓 that is slightly above 𝑃𝐵𝑎𝑠𝑒, causing 𝑆𝑂𝐶𝑚𝑒𝑎𝑛 of the aggregation 
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to increase and regain the lost energy during the peak. This figure also shows 𝑆𝑂𝐶𝑚𝑒𝑎𝑛 

crossing the baseline (Payback Control Time) indicating that the HTA has regained the 

energy needed for baseline consumption. This enables the payback effect controller to be 

disabled without a negative a payback effect. 

Similar operational characteristics are observed using the HGA connected to 

homogeneous aggregations of EWHs and EBHs and can be seen in Figure 4.5 and 4.7, 

respectively. In the case of the HGA connected to a homogeneous aggregation of ETSs 

(Figure 4.6), high energy capacities along with overnight charging schedules allow all 

ETSs to be turned off during the peak period without causing a payback effect.  

 

Figure 4.4: Maximum peak shaving capacity request using the HTA with a heterogeneous 

aggregation consisting of EWHs, ETSs and EBHs for 2-hour peak period. 

(a) Aggregated Power 

(b) Mean State of Charge 
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Figure 4.5: Maximum peak shaving capacity request using the HGA with a homogeneous 

aggregation consisting of EWHs for 2-hour peak period. 

 

Figure 4.6: Maximum peak shaving capacity request using the HGA with a homogeneous 

aggregation consisting of ETSs for 2-hour peak period. 

(a) Aggregated Power 

(b) Mean State of Charge 

(b) Mean State of Charge 

(a) Aggregated Power 
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Figure 4.7: Maximum peak shaving capacity request using the HGA with a homogeneous 

aggregation consisting of EBHs for 2-hour peak period. 

4.4.2.2  Test Case 2: 5-hour peak period – Maximum Energy Shaving  

For this test case, a 5-hour peak period was requested by the VPP. Similar results 

to the first test case can be observed in Figures 4.8 – 4.11, with 𝑃𝐴𝑔𝑔 (Full Control) 

successfully tracking the VPP request signal with pre-charging. One difference is observed 

in the payback effect in Figure 4.8 – 4.11 where 𝑃𝐴𝑔𝑔 with and without pre-charging does 

not have an impact on the payback effect magnitude but continues to affect the tracking of 

the VPP request (seen in zoomed boxes). This is because the energy gained during pre-

charging is lost near the end of the long peak duration of 5-hour and is at a similar energy 

level to the simulation without pre-charge control. Again, in the case of the HGA connected 

to a homogeneous aggregation of ETSs, the higher energy storage capacity and overnight 

pre-charging causes no payback effect issues. 

(b) Mean State of Charge 

(a) Aggregated Power 
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Figure 4.8: Maximum peak shaving capacity request using the HTA with a heterogeneous 

aggregation consisting of EWHs, ETSs and EBHs for 5-hour peak period. 

 

Figure 4.9: Maximum peak shaving capacity request using the HGA with a homogeneous 

aggregation consisting of EWHs for 5-hour peak period. 

(a) Aggregated Power 

(a) Aggregated Power 

(b) Mean State of Charge 

(b) Mean State of Charge 
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Figure 4.10: Maximum peak shaving capacity request using the HGA with a homogeneous 

aggregation consisting of ETSs for 2-hours peak period. 

 

Figure 4.11: Maximum peak shaving capacity request using the HGA with a homogeneous 

aggregation consisting of EBHs for 2-hour peak period. 

(a) Aggregated Power 

(a) Aggregated Power 

(b) Mean State of Charge 

(b) Mean State of Charge 
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4.4.2.3  Test Case 3 & 4: 2 & 3.5-hour peak period – Maximum Shaving Capacity 

These test cases consist of 1-hour and 3.5-hour peak periods. The results for these 

simulations can be found in Appendix B, Figure B.1-B.8. The simulations for the 1-hour 

and 3.5-hour peak shaving durations shows the similar effects as the 2-hour and 5-hour 

peak shaving durations respectively.  

4.5  Discussion 

In this chapter, the framework of the control algorithm by the HTA for peak shaving 

has been presented and demonstrated with heterogeneous TCL aggregations. The same 

framework and control algorithm were used and demonstrated by three HGA’s with each 

having a homogeneous TCL aggregation. The controller demonstrated good performance 

to successfully track the reference signal from the VPP for both aggregators with the 

support of pre-charge control. The payback effect was also effectively controlled by 

systematically grouping the TCLs in the aggregation to turn ON or change SP after the 

peak shaving. Chapter 5 will further analyze the reduction of energy consumption and user 

comfort effects of the controller used in the HTA. It will also analyze the performance of 

using the HTA compared to using the three individual HGAs each using a different TCL 

type. 
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5 Chapter 5 – Performance Analysis of the Proposed HTA’s Control 

Strategy 

This chapter evaluates the performance of the suggested HTA's control strategy using 

the heterogeneous aggregation composed of the EWH, ETS and EBH models. An 

important goal of this chapter is to compare the HTA performance against the total 

response of three HGAs working independently. For simplicity, we will deem these as 

Scenario A and Scenario B, respectively.  

5.1 HTA Energy Management  

The effectiveness of the HTA energy management process considers the total energy 

that has been reduced or added during peak hours when compared to un-controlled loads. 

This helps utilities to avoid additional electricity generation costs acquired during high 

electricity consumption periods. The energy reduced and gained using heterogeneous and 

homogeneous aggregations are compared to uncontrolled loads and results can be seen in 

Table 5.1 and 5.2. Appendix C, Table C.1 and C.2 show the total daily load energy change 

acquired by the HTA and three HGAs. The total daily load results show that the HTA and 

HGA controllers maintained relatively stable daily consumption whether the TCLs are 

controlled or uncontrolled and the availability of homogeneous and heterogeneous 

aggregations did not show any considerable differences in the total daily load energy 

consumptions results. 
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Table 5.1: HTA controller using heterogeneous aggregation energy consumption in comparison to 

uncontrolled loads for the case study peak period durations. 

 Peak Energy Consumption (MWh) Off-Peak Energy (MWh) 

 1 Hr. 2 Hrs. 3.5 Hrs. 5 Hrs. 1 Hr. 2 Hrs. 3.5 Hrs. 5 Hrs. 

No Control 4.21 8.05 13.45 18.41 64.46 60.63 55.23 50.26 

Heterogeneous Aggregation 2.44 5.73 10.21 14.45 66.52 62.81 57.49 53.22 

% Difference -42.0% -28.7% -24.1% -21.5% 3.2% 3.6% 4.1% 5.9% 

 

Table 5.2: HGA controller using homogeneous aggregations energy consumption in comparison to 

uncontrolled loads for the case study peak period durations. 

  Peak Energy Consumption (MWh) Off-Peak Energy (MWh) 

  1Hr. 2Hrs. 3.5Hrs. 5Hrs. 1Hr. 2Hrs. 3.5Hrs. 5Hrs. 

EWHs 

No Control 3.59 6.77 11.22 15.18 49.91 46.73 42.28 38.33 

Control 2.27 5.16 8.68 11.79 51.46 48.12 43.69 39.74 

% Difference -36.7% -23.8% -22.7% -22.3% 3.1% 2.9% 3.3% 3.7% 

EBHs 

No Control 0.57 1.18 2.09 3.07 13.66 13.05 12.14 11.16 

Control 0.27 0.76 1.43 2.22 13.89 13.45 12.73 11.94 

% Difference -53.0% -35.4% -31.6% -27.5% 1.7% 3.1% 4.9% 6.9% 

ETSs 

No Control 0.04 0.08 0.13 0.16 0.88 0.84 0.80 0.77 

Control 0 0 0 0 0.92 0.92 0.92 0.92 

% Difference -100% -100% -100% -100% 3.7% 9.3% 15.3% 19.9% 

Total 

No Control 4.21 8.05 13.45 18.41 64.46 60.63 55.23 50.26 

Control 2.54 5.93 10.11 14.01 66.28 62.50 57.35 52.60 

% Difference -39.6% -26.3% -24.8% -23.9% 2.8% 3.1% 3.8% 4.7% 

 

In Table 5.2, the “Total” row is the sum of the three HGAs from Scenario B and is 

calculated to compare its cumulative result with the HTA results i.e., Scenario A. From 

Table 5.1 and 5.2, it is observed that increases in peak duration, generally decreases the 

percentage of the energy shaved when compared to uncontrolled loads for both the above 

scenarios. The pre-charged energy capacity for energy reduction in a controlled manner 

runs out towards the end of the 3.5-hour and 5-hour peak durations, leading to lower energy 

shaving percentages when compared to 1-hour and 2-hour peak durations. Also, more off-
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peak energy is consumed for all scenarios due to pre-charge and payback effect control 

causing the power consumed to be higher than its baseline power consumption. 

 When comparing the energy reduction percentages, it is observed that Scenario A 

has a higher energy reduction for 1-hour and 2-hour peak durations by 2.53% and 2.44% 

when compared to Scenario B. Scenario B, however, reduces peak energy by 0.73% and 

2.37% more than Scenario A, for longer peak durations of 3.5-hour and 5-hour peak 

durations, respectively (Figure 5.1).  

 

Figure 5.1: Energy reduction percentages of the HTA using a heterogeneous aggregation (Scenario 

A) vs the total of the HGA using a homogeneous aggregation (Scenario B) with respect to 

uncontrolled loads. 

Scenario A when compared to Scenario B, has lower energy reduction capabilities 

for long peak period durations as the EBHs present in the heterogeneous aggregation lose 

all energy reduction capacity (i.e., devices to turn off) near the end of the peak period. This 

causes the EWHs in the heterogeneous aggregation to compensate for the EBHs to achieve 

the requested energy reduction. This results in both units not having enough energy 

reduction capacity for the peak shaving request. Furthermore, the ETSs present in the 

heterogeneous aggregation are unable to compensate for this phenomenon since all ETSs 
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are already turned off for the entirety of the peak period due to its high storage capacity 

and prioritization in the DPSL. These effects can be seen in Figure 5.2, where the number 

of EWHs, EBHs and ETSs available to turn OFF from the heterogeneous aggregation are 

shown. The availability of each TCL to turn OFF is calculated using step 3 in Section 4.1.3.  

In Scenario B, since the DSPL does not have access to a variety of TCL types, the 

HGA can uniformly distribute the devices to turn OFF to track 𝑃𝑅𝑒𝑓. This enables the 

HGAs using EBH and EWH aggregations to evenly distribute the devices to turn OFF 

without overextending its devices in the beginning of the peak period, allowing for more 

energy reduction with longer peak durations. 

 

Figure 5.2:Number of available EWHs, EBHs and ETSs to turn OFF for peak shaving w/ Scenario A. 

5.2 End-User Comfort 

The end-user comfort after performing peak shaving with HTA is of high priority as 

customer discomfort can lead to customers dropping out of the peak shaving program, 

reducing capacity for peak shaving. The end-user comfort can be represented and analyzed 

using the temperatures of the EWH tanks, EBH rooms and ETS bricks. 
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A water tank temperature of 50oC and below is the lower threshold value for 

considering an EWH experiencing customer discomfort. This value was selected for two 

reasons: 1) a water temperature of 45°C is regarded as an inadequate level for meeting 

customer’s hot water requirements and hence 50°C adds additional security to customer 

comfort [64]; 2) bacteria know as legionella that thrives under low water temperatures, die 

at temperatures of 50oC and above [65]. Water temperatures that drop below 50oC are 

usually caused by the user consuming large quantities of hot water in a short period of time. 

Figure 5.3 shows the percentage of EWHs from the total 1500 EWHs that have a 

temperature of less than 50°C through the day for Scenario A and B with uncontrolled 

loads for 2-hour and 5-hour peak period durations. 

 

 

Figure 5.3: Percentage of the EWH tanks aggregation, with temperature below 50°C. 

(a) 2-hour peak period duration 

(b) 5-hour peak period duration 
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Clearly, controlled EWHs have fewer tanks that operate below 50oC when 

compared to the uncontrolled case. This is because the pre-charging control used by the 

HTA and HGA to heat up the EWH tanks before the peak, allows for higher energy being 

stored in the tanks prior to peak consumption through higher water demands. Another 

important observation is that the HTA has a slight decrease but is very close to the HGA 

when comparing the performance of EWHs that operate below 50oC. This is because the 

HTA has the ability to choose to turn OFF EBHs and ETSs from its DSPL whereas the 

HGA only has EWHs available to turn OFF. The number of EWH tanks that have a 

temperature below 50oC is not very high hence, it can be said that the end-user comfort for 

EWH tanks during peak shaving control with the HTA and HGA are well maintained. The 

EWH end-user comfort results using 1-hour and 3.5-hour peak period durations have 

similar results to the 2-hour and 5-hour peak durations and can be seen in Appendix C, 

Figure C.1. 

 For the ETSs, an end-user is considered to be discomforted if the temperature of 

the bricks drops below its thermostat’s minimum threshold value. This indicates that the 

ETS is unable to generate enough heat from the bricks to offset the room's heat loss and 

maintain the room's user-defined SP. Figure 5.4 shows the number of ETSs as a percentage 

of its aggregation size that has brick temperatures below its minimum threshold while being 

controlled with the HTA and HGA and being uncontrolled.  
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Figure 5.4: Percentage of the ETSs aggregation, with brick temperatures below the minimum 

threshold. 

Figure 5.4 shows that with the exception of hour 2, both scenarios have no end-user 

discomfort throughout the control period. The end-users are discomforted at hour 2 due to 

lack of available time for all ETSs to be charged as it has only been 1 hour since the 

initiation of the overnight pre-charging process. The pre-charging of the ETSs overnight 

performed by the HTA provide enough energy capacity in the bricks to allow the ETSs to 

turn off during the peak period and not disrupt end-user comfort during the peak period for 

both scenarios. Alternatively, the uncontrolled case yields numerous ETSs falling below 

(a) 2-hour peak period duration 

(b) 5-hour peak period duration 
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the minimum threshold throughout the peak and payback period. The same results were 

observed using 1-hour and 3.5-hour peak period durations and are presented Appendix C, 

Figure C.2.  

 For EBHs, if the SP variation control causes the room temperature to go above or 

below the user desired maximum and minimum threshold of the thermostat, the user is 

considered discomforted. Since the SP controller uses a ±1oC SP variation, the maximum 

temperature variation that the user can experience is ±1oC from the user desired maximum 

and minimum thresholds. 

 

 

Figure 5.5: Percentage of the EBH aggregation, with room temperature above and below the user 

desired maximum and minimum threshold. 

(b) 5-hour peak period duration 

(a) 2-hour peak period duration 
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Figure 5.5 shows the percentage of EBHs from the aggregation that have 

temperatures above or below the desired maximum and minimum thresholds during peak 

period control. For the 2-hour and 5-hour peak durations, Scenario A has a significantly 

lower total user discomfort percentage than Scenario B. This is because, Scenario A has 

the availability of EWHs and ETSs to choose from its DSPL, allowing the HTA to turn 

OFF a higher charged EWH or ETS than a lower charged EBH. Scenario B, however, only 

has EBHs available in DSPL, enabling more EBHs to decrease their SP to achieve the VPP 

request. This leads to more EBH room temperatures to go below the desired minimum 

deadband threshold.   

It is also observed that as the peak period duration increases, more end users 

become discomforted as more EBHs vary their SP for longer periods of time. This leads to 

more EBH room temperatures crossing the desired maximum and minimum thresholds. 

This is seen in Figure 5.5, where the peak period duration increases from 2-hours to 5-

hours causing the percentage of total end user discomfort to increase from 17.5% to 64.5% 

for Scenario A and from 20% to 83.1% for Scenario B. The same results were observed for 

1-hour and 3.5-hour peak period durations and can be seen in Appendix C, Figure C.3. 
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6 Chapter 6 – Conclusions and Future Work 

6.1 Thesis Contribution 

The conclusion and contributions of this thesis are summarized as follows: 

1. A HTA using TCLs for ON/OFF and setpoint variation control has been developed and 

shown with a case study consisting of the HTA capable of using a heterogeneous 

aggregations consisting of EWHs, EBHs and ETSs. The developed HTA has been 

designed to communicate with an upper-level management system and was 

successfully able to track power demand requests from the upper-level for peak 

shaving.  

2. To enhance peak shaving capabilities, a pre-charging control strategy was developed 

that created a reference power to maximize the energy stored in the TCLs from the time 

a VPP peak shaving request was made to the start of the peak period. The HTA 

controller was able to track the calculated pre-charge reference power to successfully 

pre-heat the TCL’s before the peak period. 

3. A control strategy that reduced the payback effect after peak shaving control was also 

developed. This was done by turning ON devices in groups while the controller tracked 

a reference signal above the baseline aggregated power, until the energy gained by the 

TCLs reset to its baseline energy state. 

4. Using the developed HTA controller with heterogeneous aggregations, in conjunction 

with the VPP, proved beneficial by reducing the peak period energy consumption. This 

limited the need for increasing power generation, allowing for saving of electricity 

generation costs.  
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5. Comparing the use of heterogeneous and homogeneous aggregations, identified the 

advantages of using diverse TCL types for peak shaving control. The heterogeneous 

aggregation used by the HTA showed better energy shaving capabilities for shorter 

peak durations when compared to the HGA using homogeneous aggregations. Using a 

heterogeneous aggregation with the HTA also showed better overall user comfort 

satisfaction for all studied peak period durations. 

6.2 Future Work 

Future work to build on this research work is the following: 

1. There are assumptions made in Chapter 3 to simplify the modeling process of the TCLs 

used in this research. To improve the modelling of EWHs a thermal zone-stratified 

model should be implemented to improve water tank temperature estimations. The 

EBH and ETS is modelled assuming a single EBH or ETS is in a single zone. It would 

be more realistic if the TCL model could be expanded to a multi-zone configuration. 

Improving the models used in this research in the future can assist in the development 

of a more effective control strategy. 

2. The HTA used only three TCL types i.e., EBHs, EWHs and ETSs. Additional TCLs 

can be used by the HTA in order potentially increase the peak shaving capacity for 

longer peak durations by allowing other TCLs present in the heterogeneous aggregation 

to compensate for the TCLs that lose their energy towards the end of longer peak period 

durations. 

3. The case studies performed in this research work consists of the VPP requesting peak 

shaving for an occurrence of one peak period during the day. If the forecasted load 
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indicated two daily peak occurrences, the VPP may request the HTA to shave both 

peaks during the day. This needs to be considered and analyzed as the duration between 

the two daily peak periods might not be long enough to allow the HTA to shave the 

first peak, control the payback effect as well as pre-charge the TCLs for the second 

peak period. The duration between the two daily peak periods is directly related to the 

amount of energy that can be shaved for the second peak period. 

4. The end-user comfort defined in this thesis is based on methods found in the literature. 

Real world scenario experiments with changing peak period durations can be 

performed with the HTA controller in order to get customer feedback on 

comfort/discomfort experiences. This would further help modify the HTA controller to 

provide improved user comfort. 

5. The proposed HTA control strategy assumes that the data received from the TCLs is 

received in the database with no time delay. This enables the HTA to read the data, 

calculate the controller’s response and send the calculated control signal to the TCLs 

without any communication time delays, which results in accurate tracking of the 

reference signal. When using the HTA in real-world scenarios, delays are inevitable 

and can impact the control algorithm’s performance. This may degrade the actual HTA 

performance for peak shaving purposes in real-world applications. Further simulations 

with modelled communication delays would prove valuable.
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Appendix A  

 

 

Figure A.1: Flow of conditions for selecting a device if Peff is positive. 
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Figure A.2: Complete Flowchart of Proposed HTA Control Algorithm. 
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Appendix B 

 

Figure B.1: Maximum peak shaving capacity request using the HTA with a heterogeneous 

aggregation consisting of EWHs, ETSs and EBHs - 1 hour peak period. 

 

Figure B.2: Maximum peak shaving capacity request using the HGA with a homogeneous 

aggregation consisting of EWHs - 1 hour peak period. 
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Figure B.3: Maximum peak shaving capacity request using the HGA with a homogeneous 

aggregation consisting of ETSs - 1 hour peak period. 

 

Figure B.4: Maximum peak shaving capacity request using the HGA with a homogeneous 

aggregation consisting of EBHs - 1 hour peak period. 
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Figure B.5: Maximum peak shaving capacity request using the HTA with a heterogeneous 

aggregation consisting of EWHs, ETSs and EBHs – 3.5 hours peak period. 

 

Figure B.6: Maximum peak shaving capacity request using the HGA with a homogeneous 

aggregation consisting of EWHs – 3.5 hours peak period. 
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Figure B.7: Maximum peak shaving capacity request using the HGA with a homogeneous 

aggregation consisting of ETSs – 3.5 hours peak period. 

 

Figure B.8: Maximum peak shaving capacity request using the HGA with a homogeneous 

aggregation consisting of EBHs – 3.5 hours peak period. 
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Appendix C 

 

 Daily Consumption (MWh) 

 1 Hrs. 2 Hrs. 3.5 Hrs. 5 Hrs. 

No Control 68.68 68.68 68.68 68.68 

Heterogeneous Aggregation 68.96 68.55 67.70 67.68 

% Difference 0.4% -0.2% -1.4% -1.5% 

Table C.1: HTA controller using heterogeneous aggregation daily energy consumption in comparison 

to uncontrolled loads for the case study peak period durations. 

  Daily Consumption (MWh) 

 1Hr. 2Hrs. 3.5Hrs. 5Hrs. 

EWHs 

No Control 53.51 53.51 53.51 53.57 

Control 53.74 53.28 52.37 51.53 

% Difference 0.4% -0.4% -2.1% -3.8% 

EBHs 

No Control 14.23 14.23 14.23 14.23 

Control 14.16 14.22 14.17 14.16 

% Difference -0.5% -0.1% -0.47% -0.5% 

ETSs 

No Control 0.93 0.93 0.93 0.93 

Control 0.92 0.92 0.92 0.92 

% Difference -1.1% -0.8% -0.8% -0.8% 

Total 

No Control 68.68 68.68 68.68 68.74 

Control 68.83 68.43 67.47 66.62 

% Difference 0.2% -0.4% -1.8% -3.1% 

Table C.2: HGA controller using homogeneous aggregations daily energy consumption in 

comparison to uncontrolled loads for the case study peak period durations. 
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Figure C.1: Percentage of the EWH tanks aggregation with temperature below 50°C. 

(b) 3.5-hour peak period duration 

(a) 1-hour peak period duration 
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Figure C.2: Percentage of the ETS units aggregation with brick temperatures below the minimum 

threshold. 

(b) 3.5-hour peak period duration 

(a) 1-hour peak period duration 
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Figure C.3: Percentage of the EBHs aggregation with room temperature above and below the user 

desired maximum and minimum threshold – 3.5 hour peak duration. 

 1-hour peak period durations do not affect any EBH end-user as the peak duration 

is not long enough to cause any room temperature to drop below the desired minimum 

threshold temperature with the outside temperature used in this research. Since the rate at 

which the room temperature decreases is related to the outside temperature, a colder 

outside temperature will drop the room temperature faster that may lead to EBH end-

users getting affected in the 1-hour peak. 



 

 

 

Curriculum Vitae 

Candidate’s full name: Zehan Irani 

Universities attended: The Ohio State University, Bachelor of Science in Electrical 

Engineering and Computer Engineering, 2018 

Publications: None 

Conference Presentations: None 

 

 

 

 

 

 

 

 

 

 

 

  


