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Abstract

Domestic electric water heaters (DEWH) hold a large share of residential load in
North America. The aggregated load profile of electric water heaters follows a similar
pattern to the total household load profile, which means that changing the profile of

DEWH load can significantly change the shape of the aggregated load profile.

The research contribution is a new methodology for aggregated load control such
that a prescribed load profile is followed by controlling the power consumption of

the individual electric water heaters. This is achieved by:

e a novel methodology to model an individual DEWH and estimate its hot water

usage based on measurements of its power consumption,

e a forecasting algorithm that considers the payback effect of the control actions

and adjusts the load forecasts accordingly,

e a novel predictive controller that provides a forecast on ramp-up or ramp-down

reserve capacity to follow a desired load profile.

There are two main benefits of using this controller: i) it provides an estimate
of reserve capacity in future, which is important for scheduling ancillary services
power load balancing, peak shaving and load shifting, and ii) it is a more green, less
expensive alternate method compared to using fossil fuel generators for balancing

the power generation and consumption.

il



One of the main significance of this research is that the methodology for aggre-
gated control was deployed on a pilot project called PowerShift Atlantic (PSA), led
by the provincial utility, NB Power. The objective of the PSA was to provide up to
20MW of load following ancillary services to balance the intermittency of renewable
generation by directly controlling the power consumption of various load classes,
such as electric water heaters, electric thermal storage units and HVACs. The new
methodology was deployed as a load aggregator in the PSA project to model and
control 300 residential water heaters, and to assess performance in real-time opera-

tion.

key words: Direct Load Modeling, Load Forecast, Load Control, Demand-Side

Management, Direct Load Control, Smart Grid
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1 Introduction

One of the important constraints in electric power systems is that the generated
power should match consumption, which is imposed by physical laws. The generation
plants and transmission equipment may shut down if the demand for power exceeds
the generation. Thus, at each point in time, the generated power must follow the
demand load profile. It is the responsibility of the system operator (SO) to balance
generation with demand through scheduling generation and using ancillary services

[1]. Figure 1.1 depicts the general structure of the electric power system.

The variation of the consumption may contain fast components in the order of
seconds, or slow components in the order of minutes, hours or even days. For each

type of variation, some kind of ancillary services exist, as depicted in Figure 1.2.

Traditionally, the system operator adjusts the generation level by including or
excluding various generators to track the consumption load profile. Depending on
how fast the generation should match the consumption, various ancillary services,
such as regulation or non-spinning reserve are defined. Some services can be obtained
within a minute, such as spinning reserve, some others may take a longer time to
be ready to deliver, such as non-spinning reserve, as illustrated in Figure 1.2. It
means that the SO must plan ahead to ramp up generation in order to provide the

increasing demand, or ramp down generation when the demand is low.

Moreover, use of sustainable energies, such as wind, is constantly growing around
the world. In Canada, the Maritimes has excellent wind resources [2]. The provincial

governments have a strategic plan that by 2016 the total installed wind capacity in
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the Maritimes should reach the range of 16 — 24% of the peak power system load
[3] . However, the intermittency of wind energy tends to add more wiggling and
uncertainties on the generation side [4, 5, 6, 7], as can be seen in Figure 1.3. This
figure shows the variability of the daily power produced by wind and conventional

generation [8] during 2014.
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Demand-side management (DSM) is a method to manage the customers load in
response to certain conditions. In the traditional electric power systems (EPS), the
demand response was the last step to match consumption with generation before
forced plant outages [9]. However, in recent years, DSM has been widely used and
studied. DSM can be used to reduce energy bills of the customers [10], and can
ease power system operation through peak shaving, load following, providing reserve

capacity [11, 12] and fast response ancillary services [13].

DSM is a technique to adjust the consumption profile to match generation [13].
The consumption profile can be adjusted indirectly through pricing policies, or di-
rectly through controlling specific appliances, with customers’ permission, which is

called direct load control (DLC) [14]. DLC is the main focus of this dissertation.

Domestic electric water heaters (DEWHSs) are feasible candidates for a DLC pro-
gram because the aggregated load profile of the DEWH 1) contributes significantly
to the total aggregated residential load [15] and ii) follows similar pattern and peak

times [16]. Therefore, changing the shape of the aggregated DEWH load profile can
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reshape the total load profile. An example of the aggregated household and water
heater power consumption for several days is depicted in Figure 1.4. The measure-
ments are obtained from Saint John, NB. in July 2014. It can be observed that the

DEWH load holds a large share of the total load with similar pattern and peak time.

1.1 Problem Statement

The problem is to develop a controller for individual water heater loads in a way
that the aggregated DEWH load tracks a desired aggregated load (DAL) profile
(provided by the system operator), while maintaining customer comfort. The desired
aggregated load is a profile of desired power levels, defined over a finite time interval

in the future, as depicted in Figure 1.5.

It is assumed that the power consumption of the end-use device (EUD) is available.
It is also assumed that the controller can manipulate the demand by strategically

controlling when the EUD is turned on or off via an external control signal.
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It should be noted that due to safety constraints, in thermostatically controlled
appliances (TCA), the external on-off control does not bypass the inherent interlock
safety of the thermostatic control system of the EUD. In other words, it means that
when the thermostat turns off the device due to high water temperature, the external
controller cannot turn it back on. This constraint limits the maximum achievable
power consumption to the number of loads that are thermostatically on at a given

time.

Customer comfort is another constraint imposed on the system, which indicates
the availability of hot water for the end users. The controller may turn off a power
consuming water heater to decrease the aggregated load. This action may result
in a drop in the water temperature, and may result in customer discomfort if the
controller does not turn the DEWH back on after a certain time. Therefore, it
may not be possible to turn off all the loads at a given time, which means that
the minimum achievable power consumption is also limited and is a function of the

number of the loads that should be left on due to customer comfort.

The minimum and maximum achievable load is limited, as depicted in Figure 1.6.

The maximum achievable power consumption is proportional to the number of loads
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that are on due to its internal thermostatic controller. The minimum achievable
power consumption is proportional to the number of loads that cannot be turned off

due to customer comfort.

It is assumed that the DAL is generated in a way that the control objective can
be met, i.e. the desired aggregated load is feasible. Thus, the DAL should fall within
the maximum and minimum limits of the achievable load. This assumption can be

fulfilled by forecasting the load and its limits.

The control strategy defines how the load should be scheduled to both follow the
DAL and maintain customer comfort. The definitions for the customer comfort and
the strategy for scheduling the loads may change the limits of the achievable loads.

So, different control strategies may have different behaviour and capacity to follow

the DAL.

Finally, before deploying any controller on any pilot, its performance should be
evaluated through a simulator. The simulator should mimic the behaviour of the
given pilot. It means that the simulated power consumption should be similar to
the measured power consumption of that pilot, especially in presence of an external

on/off control signal.



A model of the DEWH is required to simulate it. Then, the pilot can be simulated
by aggregating the individual DEWH model. The simulated DEWH power consump-
tion will be similar to an actual DEWH power consumption, if the model matches the
actual DEWH. Thus it is required to identify the model of each individual DEWH

in the given pilot through a systematic method.

So, the problem can be broken into smaller pieces:

1. model the load and identify its parameters
2. forecast the power consumption of the load

3. define an objective function and control actions to optimize it

1.1.1 Load Modeling

Various models have been proposed for the electric water heaters. These models
describe a relation between power consumption of a DEWH and its parameters, in-
cluding water temperature, physical characteristics, water usage, and ambient tem-
perature. By entering these parameters into the model, the on/off status of the

simulated DEWH can be obtained.

The goal of simulating a specific water heater is to get a close estimation of its
parameters in a way that the simulated power consumption would be close to that
of the actual water heater. In practice, these parameters are not known precisely;
thus, a methodology is required to identify the system parameters through indirect

measurement.

Due to variation of hot water usage and lack of additional sensors, it is a com-
plicated problem to identify the DEWH system parameters by means of its power

consumption alone.



1.1.2 Load Forecast

Load forecasting has been widely studied in electric power systems, and many dif-
ferent methods have been proposed to generate accurate load forecasts. However,
there are two main issues that makes the load forecast more challenging in a DLC

program:

1. Modeling the payback effect: FExecuting a control action to follow a desired
aggregated load will manipulate the load profile; thus, the forecasted load may
be different from the measured controlled load. This is known as the payback
effect of the control actions. The challenge in providing the load forecast is to

model the payback effect and update the forecast regarding the control action.

2. Forecasting uncontrolled load based on controlled history: Most of the fore-
cast methods use previously measured data to estimate future consumption.
However, executing the control commands will change the normal behaviour
of the load; thus, forecasting the load based on un-natural history may lead to

an inaccurate forecast.

1.1.3 Load Control

The control strategy defines how the controller schedules the DEWHs power con-
sumption in order to follow a desired load while maintaining customer comfort. Other
goals can also be defined for the controller, such as providing a reserve capacity to
increase or decrease the load (e.g. turn off a DEWH before it is turned off by its

internal thermostat to provide ramp-up reserve capacity).



1.2 Literature Review and Contributions

1.2.1 DEWH Load Modeling

1.2.1.1 Literature Review

Several studies have focused on modeling the aggregated DEWH load. The goal is to
predict the behaviour of the aggregated load and the way it changes in the presence

of a control action.

Lee and Wilkins developed a regression-based model to model the aggregated
power consumption of the water heaters and the impact of the control action on it
[17]. Kobe and Tsoi used a similar model for the aggregated load, but they included
the time of the day and day of the week into their model [18]. Lane and Beute [19]
proposed a statistical method based on a Gaussian distribution function to estimate
the number of water heaters that consume energy at a given time. Through this
function, the amount of power consumption was inferred and used for the control

purpose.

These models are useful when the information of individual loads are difficult to
obtain, or there are too many loads in the control system to be modeled. However,
the focus of this research is to model individual loads, and these methods cannot be

used to model the individual loads.

Individual DEWH models show how the water temperature in a water heater
changes due to various parameters such as water usage, incoming power, or heat
loss through its body. A general structure of an electric water heater is depicted
in Figure 1.7. There may be one or more heating elements in a water heater. The

water temperature may also be assumed to be uniform or to be gradually distributed
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Figure 1.7: A DEWH model for double heating elements and multiple zones

across the tank. Therefore, based on different assumptions, different models can be

developed to express the behaviour of a water heater.

Gustafson et al. present a single zone model with a single heating element in [20].
The model is developed based on heat transfer equations. It consists of two parts:
1) convective heat transfer, which is a function of the tank’s thermal resistance. 2)
heat transfer for replacing water which is a function of water usage. Although this
model is valid in terms of energy consumption, the value of temperature and the
power consumption cannot be obtained at each instance of time. It only provides

the average values over a given time interval.

Tonder and Lane proposed a model [21] based on a histogram of DEWH events.
In this method, a simple heat transfer model was used with a fixed parameter for
the changes in water temperature. Although this model is useful for detecting the
on/off states of the water heaters, it does not include the heat loss parameter and

the dynamic behaviour of the water heater at each instance of time.

Fernandez-Seara et al. have proposed a multiple-zone for a single element water
heater in [22, 23]. This model expresses the temperature of various levels of the tank

in terms of physical parameters, power consumption, and heat transfer between each
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layer. However, to identify these parameters, the temperature of various zones is

required, which is not practical.

Kondoh et al. presented a dual-zone model for a dual-element water heater [12].
The nature of the size of each zone depends on the rate of water usage. Since the
water usage information is not available, the size of zones cannot be formulated.
Beside that, the heat transfer equations between each layer is also a function of the
heat transfer coefficient of different layers of water with different temperature, where

there is no methodology to estimate these coefficients.

A second order differential equation is proposed by Vrettos, Koch, and Andersson
[24] to model the temperature of any level in the tank at any given time. Xu et
al. used a similar model [25] and presented several numerical methods to solve this
equation. Although this model describes a complete behaviour of the tank, the
solution process is time consuming and complicated. Besides, the only important
temperatures are the top level which is used by the user, and the temperature at

thermostat level which affects the on/off state of the water heater.

A first order differential equation is proposed by Dolan et al. in [26] to model a
single element water heater. This model assumes that the temperature of the water
is uniform across the tank and that changes are based on the thermal characteristics
of the water heater. This model is easy to implement, easy to solve. The solution of

this model can provide the water temperature at any time.

1.2.1.2 Methodology and Contribution

The model proposed by Dolan et al. in [26] is widely used by other research studies
[27, 19, 28, 15, 29, 30] and will be used in this project. However, none of these

studies used this model to imitate a real DEWH. In these studies, the water usage
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and physical parameters (such as thermal resistance of the tank) are either directly

measured or replaced by a general value.

In practice, the thermal and physical parameters for individual water heaters are
not known precisely. There is no guarantee that using random values for water
usage or physical parameters result in accurate simulation of the pilot. Thus, a
methodology is required to estimate physical parameters and water usage of each

individual load through indirect measurement.

Paull et al. presented a method [31] to estimate the volume of hot water usage
during the off-interval (i.e. the interval at which the water heater is off). This method
requires measurements of the DEWH power consumption, the water temperature,
and the volume of the tank; however, no method is proposed to estimate the volume

of the tank, nor the water usage during the on intervals.

The contribution of this research on model identification is distinguished from
other cited work because in this research, a novel methodology is presented to es-
timate physical parameters (thermal conductivity and heat storage capacity) and
water usage based on indirect measurements of a real DEWH. Two scenarios are
considered: i)the measurements of power consumption and water temperature are

available, ii) only the measurements of power consumption are available.

The estimated parameters and the model are used to build a simulator to study
the behaviour of the DEWH in a DLC program. Experimental results show that the
output of the simulator mimics the behaviour of individual DEWHs and also mimics

the aggregated behaviour of many DEWHs.
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1.2.2 DEWH Load Forecast

1.2.2.1 Literature Review

Several scholars have modeled the aggregated power consumption with a time series
periodic signal to predict future power consumption using regression-based methods.
Rahman and Baba presented a self learning method to estimate the coefficients of
the time series signals, considering holidays and abnormal weather conditions [32].
Cho et al. [33] clustered the load into various groups (residential, commercial, office
and industry) and developed a time-series based method to model and predict each
cluster. Sun and Zhang [34] used a self organizing data mining method to deduce

the coefficients of the load forecast model.

Artifical neural networks (ANN) are commonly used for creating load forecasts.
The output of the ANN is the forecasted load, and the inputs are a combination
of historical power consumptions, meteorological data (including temperature and
humidity) along with date and time. According to the Kolmgorol theorem, a three
layer back propagation ANN can best simulate any nonlinear equation [35]. Hence
most of the studies that focused on ANN for load forecasting, adopt a three-layered
ANN (one input, one output, and one hidden layer) for this purpose. The ANN-
based forecast methods were compared with time-series based and regression based

methods [36, 37], and the results show that the ANN-based methods perform better.

Olofsson and Andersson [38] used the difference between indoor and outdoor tem-
perature with the required energy for heating the house to feed an ANN to produce a
household load forecast. Ekonomou used a multilayer percepteron ANN to generate
a long-term aggregated load forecast [39]. Pramelakumari et al. [40] also used an
ANN to generate a short-term load forecast of a power system. Chen and York [41]

used the load dynamics in the immediate past, the variations in load dynamics dur-

13



ing the course of a day, and the weather factors as the inputs of an ANN to generate

a load forecast.

Dong-Xiao et al. [35] presented a method that first finds the similar meteorological
features, then uses a varying structure neural network to determine the optimal
structure and optimal fitting approximation. This method produces accurate results,
despite its slow convergence. To mitigate the slow convergence of the ANN training,
Mian et al. [42] presented a genetic neural network based on a Tabu search in order to
mix the global optimization and mountain climbing ability of the generic algorithm
with the neural network. Xin-hui et al. [43] also used an ANN and showed that the

load forecast performance can be improved when combined with a genetic algorithm.

Fuzzy neural networks are also used by various studies [44, 45]. Temperature,
humidity, and the measurement dates are fuzzified by assigning a fuzzy set, which
describes the quality of that input, for each input. These sets are fed into the ANN

to produce a load forecast [45], or a forecast on the peak time of the load [44].

Al-Hamdi and Soliman presented a forecast method [46] that models the load as
a linear combination of the weather factors and previous load data with fuzzy coeffi-
cients. These coefficients were calculated by Kalman filter techniques in conjunction

with expert knowledge stored in a fuzzy rulebase.

Jain et al., [47] used a fuzzy rule base to determine a similar day based on weather
conditions and power consumption to produce a load forecast. Osman et al. [48]
used a correlation analysis to determine a similar day and used it in an ANN for

load forecasting.

Some other approaches were also used to generate a load forecast. Lai et al. [49]

used the support vector learning machine as a data mining tool to generate load
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forecast of a building. Li et al. [50] presented a state space time varying parameter

equation to generate a load forecast.

1.2.2.2 Methodology and Contribution

None of the previously cited research addresses the effect of a control action on the
forecast nor the use of an altered historical load (due to a control action) to generate
an uncontrolled load forecast. This research is distinguished from others by taking

into account the payback effect of the control actions on the forecasting algorithms.

This research has two main contributions on load forecast:

e a statistic-based load forecast method for the individual water heaters along
with a mathematical model for the aggregated forecast error based on individ-

ual forecast error.

e a model to formulate the payback effect of a control action on a single and
aggregated load. This model can be used to adjust the forecasted load when a
control action is scheduled, and also can be used to convert a historical profile of

the controlled load into an uncontrolled load profile to generate a load forecast.

Experimental results show that the statistic-based load forecast provides up to
10% better prediction of the DEWH on/off state over the first hour ahead than the
ANN-based method. Also the payback model can predict the impact of the control

actions on the forecasted load with less than 5% error.
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1.2.3 DEWH Load Control

1.2.3.1 Literature Review

The DEWH load class has been widely studied since the early 1980s [17] and is still
an attractive research area. Kondoh et al. [12] have shown that the water heater
loads can be used to provide regulation ancillary service. This study suggests that
33000 water heaters are required to provide 2— MW regulation service 24 hour a day.
Kyoho et al. [51] have shown that using direct load control of the water heaters can
reduce the additional battery storage capacity required to satisfy the transmission
constraints. Pourmousavi et al. [52] have shown that the customers can reduce
their electric bills by 45% through controlling the thermostat set point of their water

heaters and also can provide reserve capacity for load shifting.

Saele and Grande [53] placed an "El-Button’ on the end-use device (such as dryer
or DEWH) in a pilot in Norway to indicate the peak hour to users and remind them
not to use them during the peak hour. Hu and Li [54] have developed hardware to
implement a real-time price-responsive smart load controller with machine learning
algorithms based on the Naive Bayes Classifier and hidden Markov model. Since
the individual loads are not aware of the actions of other controllers, the aggregated

controlled load may result in an even larger peak [55, 56].

Several other studies have used additional hardware to change the voltage level of
the DEWH in order to change its power consumption. Jia et al. [28, 15] have reduced
the voltage on the DEWH during peak hours to shave the peak of the aggregated load
and shift it to an off-peak period. Ayoub [57] proposed a central controller which
receives temperature profiles from all water heaters and then broadcasts the level of
the power consumption to all water heaters. Mufaris et al. [58] proposed a similar

method where the power consumption level can be adjusted as 0,25%,50%, 75%
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and 100% of the nominal power. In this project, It is assumed that only an on/off
control action can take place in this system; thus, this method is not applicable in

this research.

Various studies have used artificial intelligence to control the DEWH load. Yao
et al. [59] used an iterative deepening genetic algorithm (IDGA) to minimize the
system operation cost. An artificial neural network (ANN) was proposed by Atwa et
al. [60] to shift the peaks of average residential DEWH power demand from periods
of high demand to off peak periods where the water heaters are grouped according

to the distribution feeders that they are connected to.

Many studies have used fuzzy controllers as a tool for direct load control. Nehrir
et al. [61] presented a multiple-block fuzzy controller in order to level the distribution
feeder profile. Salehfar et al. [62] used a fuzzy controller on electric water heaters
and air conditioners to shift the average power demand and improve the utility’s
load factor. Elgazzar et al. [29] used a centralized fuzzy controller to reshape the
aggregated load profile of the DEWH load class. A fuzzy controller is proposed by
Wu et al. in [63] to schedule various appliances (such as DEWH, electric vehicle,
photovoltaic cells, etc. ). Al-jabery et al. [64] used the fuzzified measurements of
instantaneous grid load, water consumption and water temperature in a semi-Markov
decision process to determine if a DEWH should be on or off. A fuzzy controller
for a large water heater population is proposed by Vrettos et al. [24] to track an
aggregate power set point while maintaining customer comfort. However, none of

these methods provides a forecast on achievable loads.

Ruelens et al. [65] used a model-free batch reinforcement learning (batch RL) to
minimize the cost of hourly varying electricity price by scheduling a cluster of the
DEWH loads. Guo et al. [66] used a decentralized control algorithm to optimize the

energy use plans for various loads including thermostatically controlled loads such
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as DEWH and deferrable loads such as dryers. However, this model cannot be used

for a load following controller.

All of these methods are using real-time measurements of the load and optimize
the consumption at present time. Sossan et al. [67] have used a model predictive
control that forecasts the future on/off states of the load and also the photo-voltaic
(PV) power generation to maximize the PV-self consumption. Another predictive
control is presented by Lajoie et al. [68] to predict the power consumption of the
water heaters and use it in a load following control strategy. However, these methods

do not consider the payback effect of the control actions on the forecast model.

1.2.3.2 Methodology and Contribution

Despite the variety of the proposed controllers, none of them address the calculations
of the forecasted reserve capacity or the impact of control actions on the behaviour of
the load. Therefore, a new methodology is required to implement a load control that
models the future consumption of the load and considers previous control actions to

generate reserve capacity and follow the aggregated set points.

Two control strategies (basic strategy and balanced-reserve strategy) are devel-
oped in this dissertation: 1) a basic control strategy that simply combines an uncon-
trolled load forecast with the payback model to minimize the difference between the
forecasted load and the set point, subject to a time constraint for customer comfort,
and 2) a balanced reserve provider which performs additional control actions on the
loads to balance the ramp-up and ramp-down capacity of the forecasted load by

enabling or disabling some water heaters in advance.

A mathematical model for the amount of reserve capacity provided by each con-

trol strategy is developed and validated through both simulation and experimental
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results on a pilot project with a set of approximately 100 electric water heaters. On
a daily basis, the basic strategy provides approximately 57kW of ramping down re-
serve capacity with approximately 8% error in load following. The balanced-reserve
provides approximately 42kW and 21kW of ramp-down and up capacity respectively,

while the average error on load following is approximately 20%.

The significance of this controller is that it can be implemented by using a simple
‘on/off” electronic switch with no complex additional hardware. The significance
of this methodology is that the controller was deployed in a real pilot, PowerShift

Atlantic [69], to assess the performance of this controller in operation.

1.3 Overview

The rest of this thesis is organized as follows:

Chapter 2 presents the dynamic model of the water heater. It also addresses a
methodology for system and parameter identification. The structure of the simulator

and some experimental results are also listed.

The load forecast module is illustrated in Chapter 3. This chapter addresses the
methods for single and aggregated load forecast along with the payback model of

the control signals. The presented models are compared with experimental results.

Chapter 4 presents the control strategies and their reserve capacity. Simulation

and experimental results are also described in this chapter.

The controller and its various components were deployed on a pilot project, Pow-
erShift Atlantic [69]. An overview of this pilot project along with experimental
results are presented in Chapter 5. Finally Chapter 6 concludes this dissertation by

providing a summary of this project with suggestions for future work.
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2 Load Modeling

It is desirable to simulate control systems before deployment in order to establish
expectations on performance. If the simulator closely reflects the behaviour of the
uncontrolled experimental system, then it can be expected that the performance of
the controlled system in simulation would be close to its performance within the

experimental system.

This chapter provides detailed information about the characteristics and modeling
of a DEWH. Also two methodologies are provided to identify model parameters in
two scenarios: 1) a combination of DEWH power consumption and water tempera-
ture, or II) through the measurements of the DEWH power consumption only. This
method can be used to identify the DEWH model parameters of any pilot and build
a simulator to mimic the behaviour of that pilot by aggregating the simulation of

the effect of the control actions on individual DEWHs.

The organization of this chapter is as follows: The dynamic model of the DEWH
is presented in Section 2.1. A methodology is provided in Section 2.2 to estimate the
physical parameters of the DEWH model, and Section 2.3 presents a methodology
to estimate a hot water consumption profile. Section 2.4 illustrates the structure of

the simulator. The experimental results are presented in Section 2.5.
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2.1 DEWH Model

DEWH models show how the water temperature in a water heater may change due to
water usage, incoming power, and heat loss through the body of the tank. There may
be one or two heating elements in a water heater. The water temperature may also
be assumed to be uniform or to be gradually distributed across the tank. Therefore,
based on different assumptions, different models can be developed to express the

behaviour of a water heater.

A single zone model for a single element water heater is selected in this research
because 1) it is possible to identify a thermodynamic model using only measurements
of the heater power, and 2) the model is easy to solve and scalable to simulate many

loads.

The single zone thermodynamic model given by [26]

T(t) = 4 [Q() ~ G(T(0) = To) — pe Wo(0)(T(1) ~ Ti)] (2.1)
P T(t) <,
P(t)=14 0 T(t) > Ty (2.2

P(t —dt) otherwise

Q(t) = P(t)u(t) (2.3)

Such a model has been widely applied [28, 15, 29, 31, 70] and is characterized by
the thermal capacity, C, and thermal resistance, GG, the specific heat, c,, the density
of water, p, the heater power Q(t), the inlet water temperature, T}, , water demand,

Wp(t), and ambient room temperature, T,,;.

In a thermostatically controlled water heater, the incoming power, P(t), is a

function of the water temperature as expressed in (2.2). If the temperature of the
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Figure 2.1: Model of a thermostatically controlled DEWH with an external control
signal

water is less than the lower threshold value, Tj,, then the incoming power will be
equal to the nominal power, i.e. it turns on. If the temperature of the water is
greater than the higher threshold value, T};, then the water heater will be turned
off; otherwise, it keeps its previous value (where deltat denotes a small time interval;

thus, ¢t — 6t in (2.2) indicates the previous time instance in continuous domain).

In this dissertation, it is assumed that an electronic switch is in series with the
heating element. Deactivating the switch will turn off the water heater regardless
of the state of the water heater thermostat. Activating the switch will enable the
internal thermostatic control. This switch can be modeled with a control signal,

u(t), as shown in (2.3).

Figure 2.1 illustrates a block diagram of the dynamic model of the DEWH repre-

sented by equations (2.1)-(2.3).

Given constant values for the physical parameters C, G, p, ¢y, Tin, and T,y
and assuming that Wp(t) and Q(t) are piecewise constant over the time interval

t € [to,ts], then the solution of (2.1) is given [31] by Equation 2.4

T(t) = T(to)e /™ 4 A(1 — e~ (t-t0)/T) (2.4)
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where

T=(C)/(G + pc,Wp), A = (GT,u + pc,WpTin + Q) /(G + pc,Wp)

This model contains various parameters that can be categorized into the following

groups:

e Constant parameters: these parameters can be assumed to be fixed and con-
stant for all DEWHs during the operation. These parameters are ambient
temperature (7, ), inlet temperature (7},), thermostat set-points (7},, Th;),

and nominal power rating (P).

e Physical parameters: these parameters can be assumed to be fixed during
the operation, but may be different from house to house and depend on the
physical characteristics of the DEWH. These parameters are heat capacity (C')

and thermal conductance (G) of the tank.

e Water usage (Wp): This parameter may change on each usage.

It is assumed that the constant parameters are known and fixed for all end-use
devices. But a methodology is required to estimate the physical parameters and wa-
ter usage through indirect measurements. The available measurements can be either
both the measurements of the DEWH power consumption and water temperature
(T') sensed by the thermostat, or just the power consumption of the DEWH (Q).
Based on the availability of either < Q,T > or < () >, two scenarios were considered

to estimate the model parameters:

1. Scenario I: for the water heaters equipped with a power meter and temperature

sensor
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2. Scenario II: for the water heaters equipped with only a power meter.

Let the time interval when the DEWH is off (@) = 0) be denoted as t,¢¢ and the
time interval when the DEWH is on (Q = P,) be denoted as t,,. It can be shown
[70] that max(topr) = toyp and min(t,,) = ti,, occur when Wp = 0. Therefore, it
can be assumed that the water usage is zero during the longest off interval and the
shortest on interval of the power consumption profile of a DEWH. Hence, the system

identification can be divided into two stages, as illustrated in Figure 2.2:

1. Stage 1: Determine the no-water-usage intervals (¢}, and #7, ) to estimate the

physical parameters

2. Stage 2: Use the physical parameters from stage 1 to estimate water usage on

the other intervals

Figure 2.2 depicts the 2-stage estimation block for different scenarios where the
measurements of < ), T > are available or just < () > is available. Details of each

stage will be described in the following sections.

2.2 Parameter Identification

There are two main physical parameters in the dynamic model of (2.1): i) thermal
capacity (C'), which is a function of the volume of the tank and ii) thermal conduc-
tance (G), which is a function of the thermal resistance of the tank and its surface

area. These parameters can be identified during the intervals with zero water usage.

24



Scenario |
u=1
' 0o {¢.6}
W Stage 1
T l Stage 2 D —
Observer Method +
Estimation Block
Scenario Il
u=1
'—0 .6}
Stage 1
i DEWH \_. lie.qt 7 -
_I Stage 2 D -
Average Method +
Estimation Block

Figure 2.2: Two stage model identification for Scenario-I and Scenario-II.

2.2.1 Scenario 1

As discussed in Section 2.1, the first step in identifying the physical parameters is
to find the intervals with zero water usage. These are assumed to be the longest off
interval and shortest on interval. For these specific intervals, (2.1) can be rewritten

as

%(T — Tout) = CL<T - Tout) + bQ(t) (25>

where

A linear least square method was used to identify the a and b coefficients using

the measurements of power and temperature[71].
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2.2.2 Scenario II

In this scenario, only the measurements of Q(t) are available. As mentioned in
Section 2.1, it is assumed that Wp = 0 during the longest off interval and shortest
on interval. Let us denote the maximum off interval by ¢}, and similarly, the

minimum on interval by t7 . If Wp = 0 then (2.4) may be written as

T(t) = T(to)e’(t*to)G/C + (Tout + %) (1 _ e*(tfto)G/C) (2.7)

During the off interval where Q@ = 0, from (2.7), the temperature drops from Tj;

to T}, as follows,

Tip = Thie™ 505/ 4 Ty (1 = 715161 2.5)

During the on interval where () = F, , the temperature increases from 7j, to Tj;

as follows

T, = Tloe—t%xG/C + (Tout + %) (1 _ e—t%XG/C) (2.9)

Py, t0;; and ty, are readily extracted from measurements of Q(t). Furthermore,
assume that the thermostat set-points, Tj; and Tj,, are at known factory settings.

The ratio G/C can be obtained from (2.8),

g _ log(Thz — Tout) - log<ﬂo - Tout)
C tg}f

(2.10)

Now G and C' may be obtained using (2.9) and (2.10),
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Py(A-1)

G = 2.11
A(Thl - Tout) - (1110 - Tout) ( )
o Po(A —1) )
A(Thz‘ - Tout) - (Tlo - Tout)
m
of f
2.12
log(Thi - Tout) - 1Og(T’lo - Tout) ( )
where
tm /tm
N T i_Tou onlroff
= 213)

2.3 Water Usage Estimation

The physical parameters obtained from the intervals with zero water usage can be
used to estimate water usage profiles in other intervals. In this section, a methodology

is proposed for estimating water consumption that best fits the dynamic model of

(2.1).

Again two scenarios were considered: Scenario I where the measurements of both
power consumption and temperature are available and scenario II where only the

measurements of the power consumption is available.

2.3.1 Scenario I

Assuming that the water usage is constant over the sampling interval, the dynamic

model of (2.1) can be rewritten as

(2.14)
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where
7(1) = (Qt) + GTous — GT(1)) /C
(2.15)

9(T) = pey (Ton — T(1)) /C

The water demand, Wp, is estimated using a state observer [72] that is driven by

the temperature residual, f(t) —T(t):

T(t) = f(T) + g(TYWp(t) — 28(T(t) — T(t))
(2.16)

~

W (t) = -5 (&) = T(1)) /9(T)

The observer gain, (3, governs the convergence properties of the observer error.
This observer finds the best estimation of water consumption (WD) that minimizes

~

the error of the estimated temperature (7' — 7).

2.3.2 Scenario 11

Although the temperature is unavailable for measurement in this scenario, the tem-
perature is known at the switching instants of the thermostat. At the instant the
thermostat turns on, T'(t) = T},, and T'(t) = T}, at the instant the thermostat turns

off.

The time-domain model in (2.4) can be separated 1) to characterize the interval

when Q) = I, starting at to = t§", and 2) to characterize the interval when @ = 0,
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starting at to = tg//:

T(t) = ﬂoe_(t_tgn)/Ton —+ Aon(l — 6_(t_t8n)/7—0n>

(2.17)
T(t) — Thief(tftgff)/‘l‘off + Aoff(l _ ef(tftgff)/%ff)
where
(¢ 4 _ GTutpeWE Ot Ry
Ton = G+pcPW,%"(t)’ on — G—i—pchj’j"(t)
\ (2.18)
C GTout +pcp Wlo)ff (t)Tin
Topp = ——C Ay =
\ of f G+pe, Wl (1) off GHpep, W (1)

Since the temperature measurements during the on/off intervals are not available,
an infinite number of solutions for the W7" and ng 7 can be obtained. One of the
solutions can be obtained by assuming that the water usage is constant during the
entire interval. This method provides the average water rate over each interval and

can be obtained by solving the following equation:

p

ﬂoe_ton/Ton _|_ Aon(l _ e_ton/Ton) _ Th’L — 0

X (2.19)

Ty, e toss/Tors 4 Agpp(1 — e_toff/Toff> — T, =0
\

where t,, and t,s; denote the duration of on and off intervals respectively and

T _ 5 A . GTout+pCpW[o)nTin+P0
on @—}-pcP war ’ on @—}—pchg”
r (2.20)
T = = 6,\ A = GTmit—i_pcP/VYBffTin
of f G—i—pchBff ) of f G—i—pCpWBff
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2.4 Load Simulator

A DEWH load simulator is a useful tool to study the changes in power consumption
of a water heater (or aggregated water heaters) in a DLC program. More accurate
modeling of the DEWH will result in more reliable simulation. This section describes

the methods used to develop a realistic simulator.

2.4.1 2-Step Simulator

If the power consumption of the simulated water heater is close to the power con-
sumption of an actual water heater, then it is expected that the aggregated power
consumption of the simulated water heaters will be close to the aggregated power

consumption of the actual water heaters.

As described in Section 2.1, the DEWH model requires the water usage profile
and certain physical parameters as inputs. The outputs of the model are water
temperature and power consumption. The goal is to tune the water usage and
physical parameters in a way that the simulated power consumption is close to the

actual power consumption of the DEWH.

For this purpose, a 2-step simulator is developed, as illustrated in Figure 2.3. The
measurements of power consumption and/or temperature from a DEWH are used
in the first step (estimation block) to estimate the physical parameters (6 and @)
and water usage profile (W\D). The structure of the estimation block is illustrated in
Figure 2.2, and the methods are described in Section 2.2-2.3. The DEWH model is

represented in Figure 2.1 and given by (2.1)-(2.3).

The estimated parameters and the water usage are used as the inputs of the

DEWH model in the second step, as depicted in Figure 2.3. At this step, an external
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Figure 2.3: Structure of a single DEWH simulator

control signal, u, may be applied to simulate the impact of an external control action
on the power consumption of the water heater. In order to validate the simulation
results, the same condition will also be applied on a real water heater to compare

the simulation results with the actual measurements.

2.5 Experimental Results

Various experiments have been conducted to validate the presented methods in Sec-
tion 2.2-2.4. Most of these experiments were executed using an instrumented DEWH,
called the test-bed. This section will present the structure of the testbed and the
experiments for evaluating the parameter identification, water usage estimation, and

simulation validation.

2.5.1 Test-bed Structure

The testbed, as shown in Figure 2.4, consists of a 270 liter tank. This DEWH
contains two 3kW heating elements. In the normal wiring, only one element can

turn on at each time and the upper element has higher priority; however, the wiring
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wireless hub

Temperature and Power Sensors
Interfaces to LabView

Figure 2.4: The instrumented DEWH as the testbed

was changed to bypass the upper element in order to mimic a DEWH with a single

heating element.

The DEWH was equipped with a temperature sensor and power meter to monitor
and record its temperature and power consumption using the LABVIEW interface.
A temperature sensor was placed on the outlet pipe to measure the temperature of
the outgoing water. Another temperature sensor was installed on the inlet pipe to
measure the temperature of the incoming water. A temperature sensor measured

the ambient temperature.

An electronic valve was installed on the outlet pipe to control the water usage.
Also a load control module (LCM) was installed on the water heater to implement

the control signal.
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2.5.2 Parameter Identification

The physical parameters may be estimated using the intervals with zero water usage.
Therefore, without using any hot water from the testbed, the power consumption

(Q) and temperature (7') were measured and stored.

For the first scenario, both measurements of the Q and T" were used to estimate C'
and G, but only the measurements of () were used in the second scenario to estimate
C and G. It was observed that for this testbed, the maximum off interval, 7%, is
approximately 710 minutes, and the minimum on interval, ¢!’ | is roughly 21 minutes.
The thermostat set points were between 56 and 60°C' and the ambient temperature
was recorded T,,; = 22°C. Results are listed in Table 2.1. The source codes for

estimating C' and G are listed in Appendix A.1.

Table 2.1: Estimation of physical parameters of the testbed

Scenario | I (Q and T) 1T (only Q)

C 9.27 x 10°J/°C | 9.18 x 10°J/°C

G 2.60W/°C 2.396W/°C

The estimated parameters, C' and G, were used in a dynamic simulator to estimate
power consumption and temperature. The measured power and temperature are
depicted in Figure 2.5 along with the simulation results. As can be seen in this
figure, simulation results of both methods are very close to the measured profiles.
However, the physical parameters obtained from scenario I result in more accurate

simulated power consumption and temperature.
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Figure 2.5: Comparison of measured parameters and simulation results

2.5.3 Water Usage Estimation

Various experiments were conducted on the instrumented testbed to validate the
proposed water-usage estimation method. Figure 2.6 depicts the graphical user in-
terface of the program that was developed to analyze the measurements obtained
from the testbed. The measured data of each experiment can be stored in a database
through this software. Then, further analysis, such as parameter identification and
water usage estimation under different scenarios, can be performed. The source code
to estimate water usage through scenario I is listed in Appendix A.2 and the water

usage estimation source code from scenario II is listed in Appendix A.3.

Among many experiments, one of them is illustrated in Figure 2.7. In this exper-
iment, 60 liters of water was drawn from the water heater in 2 minutes. This action
caused a drop in the temperature, and the water heater turned on to heat up the

water.
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Figure 2.7: Measurements on testbed: water usage, temperature, and power con-
sumption

The water usage was estimated, as described in Section 2.3. For scenario I, the

measurements of both power and temperature were used. For the second scenario,

only the power profile was used. The obtained water usage is depicted in Figure 2.8.
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As can be seen in Figure 2.8, none of the proposed methods produce an exact
estimation of the water usage. This estimation error occurs for various reasons such
as the assumption of uniform temperature in the tank. However, since the model is
based on energy conservation, the amount of consumed energy in the hot water (or
equivalently, the volume of the hot water which is equal to the area below the water
usage rate) would be estimated correctly. The actual volume of the consumed water
and the estimated volumes through each scenario is depicted in Figure 2.9. As can
be seen in this figure, the observer method (scenario I) for this experiment estimated
58.2 liters and the average method (scenario II) estimated 56.4 liters while the actual

volume was 60 liters.

This experiment also shows that in comparison to the average method, the ob-
server model provides a better estimation of the water usage for both rate and volume
because it uses more information (power consumption and water temperature). On
the other hand, in many cases, such as this pilot project (PSA), the temperature
data is not available, but the power consumption can be easily obtained; therefore,

the average method (scenario II) is still useful.

2.5.4 Sensitivity Analysis

Several constant parameters such as ambient temperature and thermostat set points
are assumed to be known during the estimation process. However, in a real pilot
project such as PSA, these parameters may not be identical and vary from house
to house. In this section, effects of the variation in these variables on the modeling

process will be studied.

The experiments have 5 steps:
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Figure 2.9: Comparison of the volume of water usage, measured volume, estimated

by scenario I, and scenario II
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1. record the sensor measurements (including ambient temperature, thermostat

set-point, DEWH power consumption, and water temperature)

2. use the methods presented in Sections 2.2 and 2.3 to estimate the DEWH

model parameters and water demands

3. feed the estimated parameters to the simulator and record the simulated power

consumption and temperature
4. change the values of the fixed parameters and repeat steps 2 — 3

5. repeat steps 1 — 4 by applying a turn-off command

Table 2.2 lists the calculated physical parameters for each test. The estimated
physical parameters (6 and @) are used to estimate the water usage profile. These
values (physical parameters and water usage)were used by the simulator to regenerate
power consumption and water temperature of a DEWH. The results are depicted in

Figure 2.10. The indexes of the curves represent the test cases of the Table 2.2.

Table 2.2: Different test cases for sensitivity analysis

Test cases Tout(°C) | {Thi, T} (°C) | C(J/°C) | G(W/°C)
1 - Actual and Nominal Values 22 {60,56} 9.18 x 10° 2.39
2 - 10% uncertainty in T,y 19 {60,56} 9.18 x 10° 2.21
3 - 10% uncertainty in setpoints 22 {54,50} 9.18 x 10° 2.61

As can be seen in Figure 2.10, the uncertainties in ambient temperature have no
noticeable impact on the estimated water usage, temperature, or power consumption.
But the variations in the thermostat set-point result in larger variations in water
demand and temperature estimation; however, the power consumption remains the

same.
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Figure 2.11 illustrates the same comparison when an external control signal was
applied. As can be seen in this figure, the power consumption of all three cases are
similar. Since the thermostat set-point in the third test case is lower, the temperature

obtained from the simulator is lower than the first two test cases.

These results show that small variations in the physical parameters have no signifi-
cant impact on the power consumption output of the simulator; thus, it is meaningful

to use a fixed value for these parameters for all DEWHs in the pilot project.
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Figure 2.10: Impact of parameter uncertainties, as listed in Table 2.2, on uncontrolled

simulation
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Figure 2.11: Impact of parameter uncertainties, as listed in Table 2.2, on controlled

simulation

2.5.5 Simulating Control Signal on Single DEWH

As described in Section 2.4, the simulator uses measured data to estimate the model
inputs and parameters and then simulates the model in the presence of a control

signal (Figure 2.3).

Two sets of experiments have been designed to validate the simulation results of
1) a single DEWH and 2) aggregated DEWHs. This section will describe the test
cases used to validate the simulation of the single DEWH, and Section 2.5.6 describes

the test cases for the aggregated DEWHs.
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Figure 2.12: Comparing simulation results with the measured power and temperature
when Wp = 0 with no control signal (Case 1)

2.5.5.1 Case 1: zero water usage, no control action

In this case, zero water was used from the water heater; thus the changes in the
temperature were governed by the initial water temperature, ambient temperature,
physical parameters and incoming power. Knowing the initial conditions and the
physical parameters, the simulator generates a similar pattern for the water tem-
perature and the DEWH load as the actual water heater, as illustrated in Figure
2.12.

2.5.5.2 Case 2: zero water usage with control action

In this case, no water was used from the water heater. A 10-minute turn off signal was
sent to the water heater 5 minutes after it was turned on by its internal thermostat,

as illustrated in Figure 2.13.

As expected, the temperature started dropping after the heater was turned off by
the controller, and the decrease in temperature estimated by the simulator was very

close to the measured temperature drop.
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Figure 2.13: Comparison of simulation results with the measured power and tem-
perature when Wp = 0 and 10 minutes off-command (Case 2)

2.5.5.3 Case 3: non-zero water usage, no control action

In this case, a specific amount of water (in this experiment, 60 liters in 2 minutes) was
drawn from the water heater, and the DEWH temperature and power consumption
were used to estimate the water rate. This estimate was used as an input to the
simulator for generating the temperature and power consumption. Figure 2.14 shows
both simulation methods provide good estimates of the power consumption profile.
Wp obtained by the state observer results in a better estimation of the temperature,

because more information was used as inputs.
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Figure 2.14: Comparison of the simulation results with the estimated Wp obtained

from the proposed methods, with no control signal (Case 3)

2.5.5.4 Case 4: non-zero water usage with control action

In this test case, a 10-minute turn off command was sent to the water heater 5 minutes
after it turned on. The water demand obtained from the test case 3 was used as
the input of the simulator, and the power consumption and water temperature were
estimated. The same pattern for water drawn was also used in the experiment in
order to have identical conditions. Like the simulation, the DEWH was turned off 5

minutes after it turned on.

The simulation results along with the measured data are depicted in Figure 2.15.
As can be seen in this figure, the power consumption obtained by both Wp pro-

files closely match the actual measured power consumption; however, the error in
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temperature estimation is large. The reason for the large error in temperature is

the assumption of a fixed water usage rate during the on/off interval. The power

consumption profile is the important parameter in this project, which

method useful.
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Figure 2.15: Comparison of the simulation results with the estimated Wp obtained

from the proposed methods, with a 10-minute turn-off control signal

2.5.6 Simulating Control Action on Multiple DEWHs

Previous experiments showed that the estimated water usage profiles, through the

proposed methods, may be used in the simulator to study the impact of control

actions on the DEWH power consumption. The power consumption obtained by the

simulator, with or without control action, resembles the actual dynamic response of

the DEWH.

In this set of experiments, the power consumption of 96 DEWHs was collected and

applied as input to the simulator. The goal of these experiments were to compare

the aggregated results of the simulator with the actual measurements. In the first
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Figure 2.16: Comparison of the aggregated simulation result and the aggregated
measured load with no control signal

experiment, the simulation results were compared with the actual measurements
without any control action. The impact of the control action on the aggregated load

was studied in the second experiment.

2.5.6.1 Case 1: no control action

The power consumption of 96 water heaters on the pilot project was obtained through
smart meters. Using the methods described in Section 2.3, a water usage profile for

each DEWH was estimated.

Figure 2.16 shows the summation of the actual measured DEWH load with the
summation of the individual simulated DEWHs over a day along with the error.
The mean absolute error (MAE) for the whole day is 6.5kWW with an average relative
error of 7.4%. As can be seen in this figure, the simulated aggregated load profile

follows the same profile as the measured aggregated load.
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Figure 2.17: Comparison of the aggregated simulation result and the aggregated
measured load with a 30 minute turn off command

2.5.6.2 Case 2: with control action

To test the impact of the control action, all water heaters were turned off for 30
minutes at a certain time and the payback effect was observed in the simulator, as

illustrated in Figure 2.17.

To evaluate this simulation result, all water heaters of the pilot project were turned
off at the same time for 30 minutes. Though the initial conditions and the water usage
patterns were not exact, the total aggregated load follows the same pattern. The
amount of the peak observed in the experiment agrees with the estimated simulation
result. The mean absolute error of this simulation is 9.8kW with an average relative

error of 9.7%.
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3 Load Forecast

Using TCA devices for load following can be problematic due to the internal in-
terlock control mechanism, which limits the load following capacity. Therefore, an
estimation of the future status of the load is required for designing a viable load

following controller.

An introduction to the load forecast in the load control context is presented in
Section 3.1. Section 3.2 shows the methods used for forecasting the power consump-
tion of the individual controllable loads, and the experimental results are presented
in Section 3.3. The aggregated load forecast method is described in Section 3.4,

followed by the experimental results in Section 3.5.

3.1 Introduction

In a load following DLC, the set points (a profile of the desired aggregated load in
the future) should be within an achievable range. This range can be estimated by
forecasting the future power consumption of the load. Thus, a reliable load forecast
is a key parameter in a direct load control program. However, the load forecast in
a load control program is more challenging than a load forecast without direct load
control due to the payback effect of the control actions. In this section, the challenges

of the problem and approaches for the load forecast methods are presented.
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3.1.1 Payback Effect

Any control action in this project changes the power consumption profile of the load.
A shed command by the controller reduces the power consumption level, but due to
consideration of customers’ comfort, the controller should turn the DEWH back on
at a later time, before the water temperature falls too low. Therefore, the control
action is just a tool to shift the load to a later time. This shift in time, which is a
change in the shape of the load profile, is known as the payback effect of the control

action [17].

Modeling the payback effect is important because it changes the power consump-

tion profile. The payback model is required for two reasons:

1. to estimate the effect of any control action on the previously forecasted load

profile for optimization purposes, and

2. to prepare the controlled historical load profile to be used for an uncontrolled

load forecast.

3.1.2 Single Load Forecast

The total aggregated load forecast can be created by adding up the individual load
forecasts. Having an estimation of the future power consumption of each individual
water heater enables the controller to schedule each DEWH consumption in order to
follow the desired load level. However, the error of each individual forecast will add

up when aggregating the forecasts, which may result in a large error.

Section 3.2 describes the methods used in this project to generate individual load
forecasts. A mathematical model for the aggregated error will also be presented in

this section. The experimental results are discussed in Section 3.3.
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3.1.3 Aggregate Load Forecast

The aggregated load forecast can also be generated directly from the aggregated
power consumption. In this method, the power consumption of the individual water
heaters are used to shape an aggregated load profile. This load profile will be used
to create an aggregated load forecast. Therefore, in this method, the forecasts of

individual consumption are not available.

Section 3.4 presents the methods to generate and enhance the aggregated load
forecast. An aggregated payback model is also introduced in this section. Experi-

mental results of these methods are presented in Section 3.5.

3.2 Single DEWH Load Forecast

In order to follow a trajectory of the power consumption, the controller needs to know
which loads tend to consume power during that specific interval and, among these
loads, which loads can be stopped. Generating a load forecast for each individual

load can help the controller in its task.

This section presents two methods (a neural network and a statistical-based
method) to generate the individual load forecast, and a simple payback model of
the control action on each individual load will be discussed. At the end of this

section, an analytical model for the aggregation error will be presented.
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3.2.1 Load Forecast Using ANN

Artificial neural networks (ANN) are widely used to generate a load forecast [39]. The
author also developed an ANN to forecast the power consumption of an individual

load and to compare the performance of the two methods.

The inputs of the neural network constitute previous N; = 96 samples (past 4
hours of the same day and past 4 hours of the previous day, with 5 minutes sampling
time) of the load. The output layer contains N, = 12 samples (next 1 hour) of the
forecasted load. A multi-layer Perceptron (MLP) artificial neural network with 20
neurons in the hidden layer was used and trained using the Levenberg-Marquardt
training algorithm [73]. Figure 3.1 illustrates the structure of the neural network

and each neuron.

The main advantage of this method is its simplicity, easy implementation, and fast
response. Another advantage of this method is its capability to learn the behavioral
patterns of each individual end-use device. One of the disadvantages is the neural
network’s need for online training for enhancing its precision and for adapting to the
changes in the system’s behaviour. Training is a time-consuming process that may
limit the real-time operation. In addition to that, if the training parameters are not

chosen carefully, the training may not converge properly.

3.2.2 Load Forecast Using Statistic-based Method

Instead of forecasting the on/off state of the DEWH at each time instance, this
method forecasts the duration of the on/off intervals. An example is illustrated in
Figure 3.2. As can be seen in this figure, a forecast is generated at time ky. At this
time, the DEWH was off for t? = « time units. This method estimates that the

DEWH will stay off for , and therefore will turn back on at time (ko — %) + ..
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Figure 3.1: Structure of the neuron and ANN.
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Figure 3.2: At time kg, the status of DEWH is unchanged for t? = « and it is
expected to stay unchanged for a total of ¢,.
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Let ¢V denote the time interval where the state of the DEWH is unchanged at the
time of generating the forecast. Also, let , denote the total time that the state of the
DEWH stays unchanged. At time kg, the expected value of tAS, knowing that it was

already unchanged for a time units, can be calculated using conditional probability:

m=tmar
E{t|t) =a} = > mP{t,=m|t] =}
m=0

—fmax
m=ty

P{t,=m,t° =
- 3

— Pty = a}
m:tmaz ~
. P{t;=m}
S E— 3.1
2o Pt =a} (3.1)

where t7'** denotes the maximum time that DEWH remains in the given state and
P {?s = m} is the probability that the DEWH interval is equal to m. This probability
function may be different from house to house and can be measured in the pilot

project.

Figure 3.3 shows the probability distribution function of the on and off intervals
of a single DEWH in the PSA pilot project. A similar PDF can be obtained for any
DEWH in the pilot.

Since it is expected that the on/off state of the DEWH will not change during the
interval ¢, the forecasted state of the DEWH at each sampling time in this interval

can be obtained by using (3.2).

S(k|ko) = s(ko) for ko < k < ko —a +1, (3.2)

Note that the forecasted load can be updated at each sample by receiving new

updates from the DEWH.
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Figure 3.3: The probability distribution function of the On and Off interval of a
single house

3.2.3 Payback model

The idea behind the load control program is to shift the time of power consumption
to a more appropriate moment. This means that the load should be interrupted at
the non-appropriate time and then turned back on at a later time while the power

disruption would not violate the customer’s comfort.

The payback effect is the impact of this control action (turning off and on) on the
behaviour of the power consumption of the device. This impact can be formulated
either as the change in the amount of energy consumption, or using the time when

the energy is consumed.

Figure 3.4 shows the power consumption of a DEWH in two cases: 1) normal
operation with no external control action and 2) a disruption of the consumption for
a duration of 4. As depicted in Figure 3.4, before applying the control signal at time

to, the uncontrolled load profile and controlled load profile are exactly the same.

Let us define some variables in order to formulate the payback:
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Figure 3.4: Payback effect of a control action on a single DEWH

tq : the disruption time which is the time interval when the controller turns off the
load (s)

P.: the controlled power consumption profile (W)

P, : the uncontrolled power consumption profile (W)

E. : the amount of energy consumption of the load, after the controller turns the

load back on (Ws)

E, : the amount of energy consumption of the load, if there were no control action
(Ws)

t. : the time interval that the load consumes energy after the control action (s)

t, : the time interval that the load consumes energy with no control action (s)

Ey=E.— E, (3.3)

Since E. = Pyt. and E, = Pyt,, then (3.3) can be written as

pr = PO(tc - tu) (34)
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According to (3.4), the impact of a control action may result in more or less energy
consumption if t. # t,,. Therefore, it is useful to study the effect of a control action

on the power consumption of the DEWH.

The power consumption of a DEWH, as described in Chapter 2, is a function of

its water temperature. The water temperature is also a function of water usage.

For a specific power profile, as depicted in Figure 3.4, numerous water profiles
can be obtained, as discussed in Section 2.3. In order to simplify the model, let
us consider a water usage which only draws water before t;. Let Tj denote the
water temperature at the start of control action at time ¢y, and 77 denote the water

temperature at the end of control action at time ¢y + 4.

Using the time domain DEWH model presented in Chapter 2, for the uncontrolled

load profile, the temperature will reach to T},; from Ty within ¢, as follows:

Thi = Toe_t“*G/C + (Tout -+ P()/G)(l — €_t“*G/C) (3.5)

The uncontrolled time can be obtained from

—gl Tout+P0/G_TO

ty
" T TR G =T

) (3.6)

Similar equations can be written for the controlled profile. The only difference is
the initial temperature, T, which is slightly lower than T, due to the leakage of the

tank body.
gln( Tout + PO/G - Tl
G Tout+P0/G_Thi

te =

) (3.7)

When there is no water usage, it takes 10 to 12 hours for the temperature to drop

around 4°C' from T},; to T;,. However, the disruption time, 4, is around 15 minutes;
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thus, the temperature drops through body loss is negligible during this time interval.

It means that Ty = T4, therefore,

t.2>t, (3.8)

This equation suggests that the effect of a control action is shifting the consump-

tion in time. The amount of energy consumption may not change significantly.

In order to be more precise, a simulation was executed with different water usage
profiles and different disruption times. Simulation results show that (3.8) is valid.
The curves depicted in Figure 3.4 are obtained from the simulator with the average

method to estimate Wp.

Simulation results were also verified with several experiments on the test-bed un-
der controlled initial conditions. All experimental results also show that the control
action is simply shifting the load without making any significant change to the energy

consumption.

3.2.4 Aggregating Single Load Forecast

As mentioned earlier in 1.1, an aggregated load forecast is required in order to
produce a desired aggregated load. Therefore, the load aggregator should also create
an aggregated load forecast. In this section, the effect of the forecast error of each

individual load on the aggregated error will be studied.

Let P,(k) denote the total power consumption at time k and P,(k|ko) denote the

forecasted total power at time k generated at time ky. These parameters can be
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formulated as

P(k) =) (s'(k)P;) (3.9)

i=1

Pi(klko) = (8 (k|ko) PY) (3.10)

M-

=1

where N is the total number of DEWHs, P¢ is the nominal power rating of the it
DEWH, si(k) is the on/off status of the i DEWH at time k, and ' (k|ko) is the

forecasted on/off status of the i DEWH at time k generated at time k.

Let 5(k|ko) denote the estimation error of the i® DEWH at time k which is

generated at time ky. Then, it can be formulated as

5" (Klko) = ' (k) — ' (k| ko) (3.11)

The relative absolute error of the aggregated load can be defined as

_IRGR) = Bt (AR = Pklko))?

e = 3.12
=R B 12
The expected value of relative error (er) can be formulated as
BE{(Py(k) — Py(k|ko))?
E{er} = \/ {A — Flhk)) (3.13)

E{P(k)}

To simplify the equations, the following assumptions have been made:

1. B} = P, for all i. This means that nominal power rating of all DEWHs are

equal. In practice, most of the water heaters in a region are similar.
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2. E{s'(k)} = A\ for all .. This means that it is expected that water heaters

would have similar behaviour.
3. E{(5'(k|ko))*} = ~* for all 4.

4. E{8'(klko)} = n for all i. These means that the estimation error for all houses

are similar.

5. The estimation error of DEWHs are uncorrelated, which means that

{3 (klko)3 (Klko)} = E{5 (k|ko)}E{3 (K|ko)} for any i,j.

These assumptions indicate that the expected state of the DEWH for all houses
are similar. Also, the forecast error for each DEWH is consistent with the other

DEWHs. These assumptions were also validated in this project.
Based on these assumptions, the expected value of the total power consumption

1S:

E{P,(k)} =E{ZN,(s'(k)Pi)}
= E{P, YN s'(k)}
= R E{s'(k)}

= NPy (3.14)
and:

Pi(k) = Pu(klko) = 30, (s' (k) — 3'(k|ko)) P

= Py SN 5 (k| ko) (3.15)
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Therefore
E{(Py(k) — P,(klko))*}

_ { (pm . @(kvm) (Pm ~ Rk}

i=1 ]:1

This can be rewritten as

E{(P(k) — P.(k|ko))*}

=F5 Y B3 (klho))*}
+ P> Y E{5 (klko)# (klko)}
i=1 j=1,j#i
= (5% 3 )
= E{(P(k) — P.(klko))*} = P (N¥* + N(N — 1)p?) (3.16)

Now by substituting (3.14) and (3.16) in (3.13), the expected value for the aggre-

gated relative error can be obtained:

B{B®) - Btk
B E{P;(k)}

_ VR (N2 + NN —1)ip)
NPy,

B \/ P2N~2 + PEN(N — 1)n?

E{en(klko)}

N2P2N2

I e A e L
= \/ Y (3.17)
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It can be inferred (3.17) that if N is sufficiently large, then

. _ [l
Jim E{er(k[ko)} = N (3.18)

3.3 Experimental Results for Single Forecast

The load forecast methods presented in Section 3.2 were implemented in a pilot
project with approximately 100 water heaters. The power consumption of each
individual load could be obtained through a smart meter installed in that house.
This section presents the performance of each of these forecasting methods along

with validating the model of the relative error in the aggregation of forecasts.

3.3.1 Evaluation Criteria

At any given time, kg, the forecast algorithms generate an estimation of the next L
samples of the load profile, which can be modeled as a binary value (1 for on state,

0 for off).

Let 5(ko + j|ko) denote the j forecasted status of the load, generated at time
ko. Thus, at j sample time after kg, the real state of the load can be measured. Let
s(ko+j) denote the measured state of the load. Thus, the error in the j* forecasted
interval at time ko can be calculated by comparing the forecasted value with the ;™

measured value after its generation.

5(j) = s(ko + j) — 5(ko + jlko) (3.19)

Running the algorithm at different times produces various forecast profiles. The

number of successful estimations for each sample in the forecast horizon over the
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total number of times running the algorithm gives the probability of successful state

estimation. The success rate can be formulated as:

Sr(j) = Prob{s(ko+ j) = (ko + jlko)} for all kg and j € [1..L] (3.20)

3.3.2 Evaluation of the Single Load Forecast

The two forecasting methods were applied in a pilot containing approximately 100
electric water heaters. Every 5 minutes, each algorithm creates a load forecast for
each individual load for the next 4 hours in 5 minutes intervals. So, each forecast

contains 48 samples.

The forecasted loads were analyzed for each individual load over a month. The
success rate of each interval in the forecast horizon was calculated for each load. Also,
the average error (E{5}) and the average square error (E{(5)?}) were also calculated
for each forecast interval (See Appendix B.1 for the complete data). These values
may be used to estimate the relative error of the aggregated forecast. Table 3.1 lists
the performance of each method over the first hour. Figure 3.5 illustrates the success

rates of the forecasting methods over the 4 hour forecast horizon.

The success rate indicates the confidence in the forecasted value of each interval.
For example, consider the 30 minutes ahead (6" samples) forecast: according to
Table 3.1, it is 76% expected that the forecasted value by the ANN-based method be
correct, while the probability that the estimated value by the statistic-based method

be correct is 84%.

As can be seen in Figure 3.5, for very short-term load forecasts (e.g. less than

an hour), the statistic-based method has a better performance than the ANN-based
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Table 3.1: Performance evaluation of the forecasting methods for a single load.

Statistic-Based ANN-Based
index || Sr(j) | E{3} =n | E{(3)%} =~ | Sr() | E{8} =n | E{(3)°} =7°
1 0.97 0.02 0.03 0.78 0.19 0.21
2 0.93 0.04 0.06 0.78 0.19 0.22
3 0.9 0.08 0.1 0.77 0.2 0.22
4 0.9 0.08 0.1 0.76 0.2 0.21
5 0.88 0.09 0.1 0.76 0.2 0.22
6 0.84 0.12 0.12 0.76 0.21 0.24
7 0.82 0.16 0.19 0.75 0.22 0.24
8 0.8 0.18 0.2 0.76 0.22 0.24
9 0.8 0.21 0.22 0.75 0.21 0.24
10 0.78 0.19 0.23 0.74 0.22 0.24
11 0.78 0.2 0.22 0.74 0.25 0.25
12 0.76 0.21 0.22 0.75 0.23 0.25

forecast. However, as the forecasting horizon expands, the success rate of the static-

based method drops, and is comparable to the ANN method up to j = 30.

Success Rate of Forecasting Methods
100 ‘ ‘

— Statistic-Based
o5 0 e ANN-Based

Sa(i) @)

3
Forecast Index ()

Figure 3.5: The success rate of the forecasting methods over a 4-hour ahead forecast

in 5 minutes time intervals.
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It can also be observed that the success rate of the ANN-based method is more
consistent along the forecasting horizon due to the learning algorithm of the ANN

which tries to minimize the error of all outputs.

3.3.3 Aggregated Forecast Error of Uncontrolled Load

To generate an aggregated load forecast, the individual forecasted load profiles may
be added together. Then, by comparing the aggregated measured load profile with
the aggregated forecasted load profile, the relative error can be calculated, as listed

in (3.12).

In order to use Equations (3.17) and (3.18) as an estimate for the relative error

in aggregating load forecasts, the following parameters should be computed first:

1. average forecast error for each time interval: E{5(k|ko)} =n

2. average square error of the individual forecasted load for each time interval:
E{(5)*(klko)} = ~*

3. expected on/off state of the load for each time interval: E{s(k)} = A\x

The forecast error and the square error of the forecast for each interval in the
forecasting horizon may be calculated directly through analysis of the single load
forecasts, as listed in Table 3.1. On the other hand, A\; can be measured by analyzing
the power consumption of each individual load and calculating the probability that

the load is 'on over each time interval (Prob{s(k) = 1}).

E{s(k)} = M =1x Prob{s(k)=1}+0 x Prob{s(k) =0}
= P{s(k)=1} (3.21)
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Table 3.2: A sample of ON-Probability (A;) of various houses at various times

time (1%‘661{(?538) DEWH#1 | DEWH#2 | DEWH#3 | DEWH#4 | DEWH#5
06:30:00 |  0.201 0.219 0.243 0.230 0.228 0.247
06:35:00 | 0.213 0.217 0.216 0.240 0.252 0.260
06:40:00 |  0.224 0.232 0.264 0.240 0.250 0.232
06:45:00 | 0.234 0.257 0.238 0.245 0.280 0.242
06:50:00 | 0.241 0.246 0.289 0.241 0.280 0.282
06:55:00 | 0.250 0.272 0.296 0.259 0.263 0.257
07:00:00 | 0.258 0.301 0.289 0.276 0.284 0.278
07:05:00 | 0.266 0.287 0.268 0.311 0.313 0.291
07:10:00 | 0.273 0.312 0.292 0.285 0.293 0.278
07:15:00 |  0.283 0.295 0.301 0.324 0.284 0.285
07:20:00 |  0.288 0.315 0.303 0.325 0.297 0.322
07:25:00 |  0.287 0.333 0.326 0.311 0.309 0.309
07:30:00 |  0.287 0.319 0.306 0.328 0.314 0.305
07:35:00 | 0.282 0.292 0.297 0.306 0.294 0.324
07:40:00 |  0.288 0.304 0.334 0.310 0.297 0.333
07:45:00 | 0.299 0.329 0.312 0.329 0.335 0.310
07:50:00 | 0.289 0.293 0.302 0.329 0.290 0.335
07:55:00 | 0.289 0.337 0.316 0.315 0.301 0.313
08:00:00 |  0.297 0.299 0.341 0.343 0.337 0.302

These probabilities were calculated for each individual load over the experimental
data obtained from the pilot project. Some of the results are listed in Table 3.2 for
individual loads. This table contains the Ai for various loads at various times. As
can be seen, loads have similar expected state at each interval, which confirms the
assumption of using one \; for all houses. Figure 3.6 shows the average )\, for each

5-minutes interval over a day.

As an example, let us focus on aggregating forecast profiles of individual forecasts
that were generated at 7 : 00 am. These forecasts were generated for the same

experimental pilot which contains approximately 100 DEWHs.

Table 3.3 shows the measured relative error of the power consumptions and the

3% sample of the load forecasts (7 : 15 am) by aggregating various numbers of houses
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Figure 3.6: The average probability of a load to be on (\x) at various times.

Table 3.3: Expected value of relative error of forecasted aggregated load for different
numbers of loads at 7 : 00am for 15 minutes ahead.

N ‘ Ak ‘ n ‘ ~? ‘ measured ‘ Eq. 3.17 ‘ Eq. 3.18 ‘
10 | 0.26 | 0.08 | 0.10 0.45 0.49 0.31
20 | 0.26 | 0.08 | 0.10 0.42 0.41 0.31
Statistic || 50 | 0.26 | 0.08 | 0.10 0.38 0.35 0.31
100 | 0.26 | 0.08 | 0.10 0.34 0.33 0.31
500 | 0.26 | 0.08 | 0.10 - 0.31 0.31
10 | 0.26 | 0.20 | 0.22 0.87 0.93 0.77
20 | 0.26 | 0.20 | 0.22 0.81 0.86 0.77
ANN 50 | 0.26 | 0.20 | 0.22 0.79 0.81 0.77
100 | 0.26 | 0.20 | 0.22 0.78 0.79 0.77
500 | 0.26 | 0.20 | 0.22 - 0.78 0.77
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for each forecasting method. The values for A, 1, and 4% are obtained from Tables

3.1 and 3.2.

As can be seen in Table 3.3, as the number of loads increases, the expected value
of the relative error generated by (3.17) and (3.18) gets closer. It also shows that
the measured relative error is also close to these estimated values, which confirms

the mathematical model for the relative error of the aggregated forecasts.

The mathematical model (3.18) shows that a 5% error in individual state esti-
mations may result in a 20% error in the aggregated load, and as the time horizon
extends beyond an hour, the individual estimation error may increase to more than

40%, which results in more than 200% error in the aggregated forecast.

The expected values of the relative error of the aggregated profiles for the other
samples in the forecast horizon can be obtained using (3.18), as depicted in Figure
3.7. These curves are obtained using the average errors listed in Table 3.1 and the
Ax from Table 3.2. It can be observed that the aggregation of individual forecast

profiles may end up in significant aggregated error, as depicted in Figure 3.8.

Figure 3.8 illustrates the aggregation of individual load forecasts (created at 7 : 00
am). As can be seen in this figure, the statistic-based method produces more accurate

results over the first hour.

These experiments show that for long-term load forecasts, aggregating the indi-
vidual forecasts may not be a practical way to create an aggregated load forecast
due to significant error. However, for short-term forecasts, this method gives a good
estimation about each individual load that can be used by the controller to schedule

each individual load in order to follow the desired aggregated load profile.
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3.4 Aggregated Load Forecast

As described in Section 3.3.3, adding up individual load forecasts may result in
a significant aggregated forecast error for long-term forecasts. Therefore, another
method will be used to create long-term aggregated load forecasts. This section
presents a neural network aggregated load forecast with a Kalman filter to reduce
its forecast error. Since this method does not generate individual load forecasts, a

new aggregated payback model is also developed and presented.

3.4.1 Aggregated Forecast Using ANN

An artificial neural network (ANN) is developed to generate an aggregated load
forecast of the controllable load. In this pilot project, information such as weather
conditions or ambient temperature are not available; therefore, the input of the

proposed ANN is only the previously measured aggregated load profile.

The structure of the ANN is exactly the same as the ANN used in Section 3.2.1,
as depicted in Figure 3.1. As can be seen in this figure, the input of the neural
network constitutes previous N; = 48 samples of the aggregated load before ky, and
its output is Ny = 16 samples of forecasted load. A multi-layer Perceptron (MLP)

artificial neural network is used with 20 nodes in the hidden layer.

Figure 3.1 illustrates the structure of a neuron and its internal function. As can
be seen in this figure, if the inputs of the neuron are denoted with Iy, ..., I,,, then

the output of the neuron is

2 1 (3.22)
Z= T — .
1 +e 2
where
r =bias+ » Wil (3.23)
i=1
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This ANN was trained using the scaled conjugate gradient algorithm (SCG) de-
veloped by Moller [74] . Tt is a very fast training algorithm compared to some other
training algorithms such as Levenberg-Marquardt [73]. This feature makes it possi-
ble to run the training algorithm more frequently and adapt the neural network to

the dynamic behaviour of the customers.

3.4.2 Enhancing ANN Load Forecast Using Kalman Filter

At time kg, a short-term forecast packet is generated for the next 4 hours. This
packet contains 16 samples in 15-minutes sampling intervals. Let the e(kqo + i|ko)
denote the forecast error of the i sample that was created at time ky. This error

can actually be measured at time kg 4 ¢ by

e(ko + ko) = P(ko + 1) — P(ko -+ i|ko) (3.24)

If this error is known at generation time, then the actual load at that time can
be obtained:

P(ko +1) = P(ko + ilko) + e(ko + ilko) (3.25)

This value cannot be calculated until the actual measurement at the given time
is obtained; however, using Kalman filter [75], an estimation of this error can be
calculated. Kalman Filter is named after Rudolph E. Kalman, who published a
recursive solution to the discrete-data linear filtering problem in 1960. This filter
is essentially a set of mathematical equations that implements a predictor-corrector
type estimator that minimizes the estimated error covariance, which is described

below.
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Let é(ko + i|ko) denote the i'" sample’s estimation error, which is generated at

time ko. The forecasted load at this time can be modified as

P (ko + 1) = P(ko + ilko) + é(ko + i|ko) (3.26)

The observation is that the error of the i;, sample can be assumed to be constant

with a small variation, which means

where w is a normal distributed noise with 0 mean and variance R. Therefore, to
estimate the forecast error of the i*® sample at time ko, the ¥ sample of the "

forecast ago can be used.

At time kg, when the actual measurement for P(ky) can be obtained, the filter

updates its previous measurements using:

M-
M=(1-G)M" (3.31)

where M is the matrix of state error, Gy is the Kalman gain, and e~ is the pre-

measurement estimation. The prediction of the next forecast error is given by:

& (ko + ilko) = é(kolko — 1) (3.32)
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M =M+R (3.33)
The modified forecast then will be:

P (ko + ilko) = P(ko + ko) + & (ko + i|ko) (3.34)

3.4.3 Payback Model

The forecast method provides an aggregated load forecast with no information about
the individual states. Therefore, a new model is required to estimate the impact of
a control action on the load forecasts. In Section 3.2.3, the payback effect of a single
DEWH was modeled. In this section, the payback effect of a group command on the

aggregated forecast will be studied.

To start formulating the system, let us define the following variables:

N: total number of controllable loads.

Fy: nominal power rating of the controllable load.

st the on/off status of the i'" controllable load at time .

ul: the control signal for the i'® controllable load at time k, v = 1: internally

controlled, u = 0: off.

Ag: aset of the controllable loads that are on at time &, ({n € [1,..., N]|s} =
1}).

Ch: a set of the controllable load that are turned off by the controller at time
E, ({n € L. N]Juf = 0}).

n(..): total number of members in the given set.

P:  the uncontrolled aggregated power consumption at time k.

P the controlled aggregated power consumption at time k.
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I]’?: denotes the impact of a control action at time k£ on a future time 7,

(j > k).

Under no control condition, at time k, several water heaters are consuming energy

due to their internal thermostat control. So, it is expected that

P = n(Ap) P (3.35)

Let us assume that due to a large communication delay with the AMI devices,
the current status of the water heaters is not known. However, the load forecast
algorithm provides a reliable estimation of the current level of the load, and so the

number of water heaters that are consuming energy can be obtained from (3.35).

If a random set of water heaters (denoted by CYy) is selected to be turned off by

the controller, then the amount of reduction on the total aggregated load will be
Py — P =n(Ax, Cx) Py (3.36)

where n(Ag, Cy) indicates the number of water heaters that were on at time k& and

are selected to be turned off by the controller. This value may change from 0 to

Let X be a random variable indicating the n(Ag, Cx). Therefore, P(X = x)
denotes the probability that exactly x number of selected water heaters are on. If
a = n(Ag) and ¢ = n(Cy), then it can be shown that the probability of having exactly
x water heaters from the selected water heaters to be on is:
(2) (C=)

(<)

Prob(X =z) = (3.37)
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Figure 3.9 illustrates the distribution function of the equation (3.37). As can be
seen in this figure, the distribution looks like a normal distribution and it can be

shown that the expected value of this random variable is:

n(Cy)n(Ax)

B{X) = B{n(A,C)} = "%

(3.38)

This equation means that at time k, if n(Cj) water heaters are selected to be

n(Cr)n(Ag)

5 number of water heaters are on at this

turned off, then it is expected that

time.

Therefore, the expected value of the amount of reduction on the aggregated load

is:
n(Cy)
N

n(Cy)

E{P} — P{} =
{Py — P} N

Py (3.39)

For example, let us assume that at a certain time, 20% of the water heaters are
on (that means n(Ag)/N = 0.2); then, by selecting 50 random water heaters, it

is expected that 20% of these random water heaters will be on, which is 10 water
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heaters. So it is expected that by turning off these random water heaters, the load

could be reduced by 10F.

In practice, especially in this pilot project, the Pf is given to the controller as the
set point. The controller should determine how to achieve this set point from the
forecasted P;*. The number of houses that should be controlled can be calculated

using:
_ NE{P - B}
= I

n(Cy) (3.40)

The payback effect of this control action on the next time interval expresses the

effect of turning on the selected water heater in the next sample interval.

Let us assume that the controller turns the water heaters back on at time j.
Therefore, the reduced energy at time k will be shifted to the time j. However, some
of these water heaters were already consuming energy at time j; therefore, they do
not participate in the payback effect. Only those controlled water heaters that were
on at time k and off at time j take part in the payback effect. These loads can be
obtained by excluding the water heaters in set Ay, Cy, A; from the water heaters in

set Ay, C. So the payback can be formulated as:

Ik = (n(Ak, Cr) — n(Ag, C, Aj))PO (3.41)
The expected value for the impact of a control action on the next interval is

n(C’k) n(Ag)—n(Ag,A;) P,

E{I}} N

= n(Cy) 1_n(Akagj)/n(Ak)n(Ak>PO

= n(Cp) At pu (3.42)
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This equation can be rewritten as:

n(Cy) (1 ~ n(Ax 4))

B} = T ) )Pg (3.43)

where n(Cy) is the number of controlled water heaters and P} is the uncontrolled
power consumption at time k. The final parameter, n( Ay, A;)/n(Ag), is the expected
ratio of the number of water heaters that are on during two successive intervals. This
value can be measured with the statistical analysis of the uncontrolled behaviour of

the individual water heaters.

The impact of this control action at time k may still have some impact on the
following intervals as well. The impact is due to those water heaters that were on
during k£ and j and turned off during j + 1; therefore, the control during k£ may
impact 7 + 1.

Ij, = <n<Ak>Aj>Ck) —n(Ay, Ajy Aja, Ck)>Po

Similar to the previous solution, the expected value for the impact will be:

"(Ck)<n(AkaAj) n(Ap, Aj, Ajir)

In general, the impact can be formulated as:

(Ck) (n(Ak,Aj7...,Aj+m—1) n(Ak,Aj,.

B{l},,} = = - A )>Pk (3.45)

n(A) n(A)
And the aggregated power can be adjusted with

Pe

Jjt+m

= P!+ E{I0,.} (3.46)
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3.5 Experimental Results for Aggregated Forecast

The forecast method presented in Section 3.4 was implemented in a pilot project
that contains approximately 100 electric water heaters. The power consumption of

each load could be obtained through a smart meter in that house.

This section presents the performance evaluation of the forecasting methods along

with the experimental results to validate the payback model.

3.5.1 Evaluation of the Load Forecast

The forecasting algorithm generates a 4-hours ahead load profile in 15 minute time
intervals. The algorithm runs every 15 minutes to produce a new forecasted load

profile. Thus, each forecasted load profile contains 16 samples.

Let ﬁ(ko + j)|ko) denote the forecasted power consumption at time ko + j which
is created at time ko, where j € [1..16]. The relative error of the j"* forecast can
be calculated at time kg + j when the actual measurements can be obtained. Let
Rg(j|ko) denote the relative error of the j sample, created at time k.

~

P(ko +j) — P(ko + jlko)

(3.47)

The average relative error for each forecasting interval then can be calculated by

averaging Rg(j|ko) for £ various kos.

Re(j) = D_all Ky fE(ﬂk‘o)

(3.48)
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Figure 3.10: Comparison of the ANN forecast error and Filtered ANN for each
sample in the forecast horizon

The ANN-based method combined with the Kalman filter was used to generate
a 4-hours ahead aggregated load forecast over approximately 100 loads. These algo-
rithms were running for several months and the relative error for each sample in the

forecasting horizon was calculated and depicted in Figure 3.10.

Figure 3.10 shows that the Kalman filter can reduce the relative error by approx-
imately 1% for the first 2 hours. Comparing Figure 3.10 with Figure 3.7 indicates
that the performance of the aggregated load forecast is significantly better than the

aggregation of individual load forecasts.

Figure 3.11 illustrates a sample snapshot of an aggregated forecast profile (the
outputs of the ANN and the Kalman filter) at 7 : 00 am along with the measured

aggregated load.
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Figure 3.11: A snapshot of the one ANN forecast, Filtered ANN forecast and their

comparison with the actual measurements

3.5.2 Evaluate the Payback Effect

To build the proposed model of the payback, the first step is to calculate the expected
ratio of the water heaters that are consuming energy over consecutive intervals.
These values have been calculated for different times of the day. Table 3.4 lists some
average values for these parameters for the interval of 5 : 00 am to 9 : 00 am. The

full table is listed in Appendix B.2.

Each row of this table shows the ratios of the number of water heaters that remain
on during the consecutive intervals to the number of water heaters that are on during
the first interval. For example, the first row where £ = [5: 00 — 5 : 15]. This row
indicates that on average, 39% of the water heaters that are on during [5: 00—5 : 15]
remain on for the next interval ([5: 15 — 5 : 30]), and 16% of them still remain on

during [5: 30 — 5 : 45] and so on.
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Table 3.4: A sample of the expected ratio of the water heaters that are on during
consecutive intervals

Kk n(Ag,Ag+1) | n(Ag,....,Akt2) | n(Ak,....,Ak43)

n(Ag) n(Ag) n(Ag)
05:00-05:15 0.39 0.16 0.14
05:15-05:30 0.55 0.21 0.18
05:30-05:45 0.53 0.31 0.25
05:45-06:00 0.60 0.39 0.33
06:00-06:15 0.68 0.48 0.38
06:15-06:30 0.71 0.47 0.35
06:30-06:45 0.71 0.48 0.37
06:45-07:00 0.69 0.47 0.38
07:00-07:15 0.71 0.52 0.44
07:15-07:30 0.72 0.53 0.42
07:30-07:45 0.71 0.50 0.34
07:45-08:00 0.70 0.44 0.31
08:00-08:15 0.68 0.41 0.29
08:15-08:30 0.63 0.39 0.29
08:30-08:45 0.63 0.40 0.30
08:45-09:00 0.64 0.42 0.31

Note that these values have been calculated for the water heaters in this pilot
project while no control actions were applied to them. The complete table contains
8 ratio columns (which show the ratio for 2 hours after each interval) and 96 rows

for each 15-minute interval of the day.

To validate the proposed payback model, various experiments have been con-
ducted on the pilot project with N = 100 participating water heaters (with nominal

power Py = 3kw). One of the experiments is depicted in Figure 3.12.

In this experiment, a command is executed to keep the controllable load at 30kw
during 7 : 00—7 : 30. The most recent forecast, as illustrated in Figure 3.12, indicates

that the power level will be around 81kw, which means:

n(Ay) = B!/ Py =27
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Figure 3.12: Impact of a control action on the aggregated load

In order to keep the load at 30, the controller should reduce 50kw of the load. The
number of random water heaters that should be turned off can be obtained using

(3.40):
50 x 100 _

O = g =

62 (3.49)

So the controller randomly sends a turn-off command to 62 water heaters, and as
predicted, the total power level drops to around 30kw. Because of the forecast error
and the statistical nature of the selected house, the power level cannot be exactly

30kw and some deviations from the set-point can be observed.

The selected water heaters will be kept off for 2 sample times. Therefore, the
impact of this control action must be observed after k 4 2. Table 3.4 suggests that
52% of the water heaters that are on during [7 : 00 — 7 : 15] will remain on 2 samples

later. Consequently, the payback model of (3.45) predicts that the impact will be”

62
E{I}.,} = ﬁ(l —0.52)81 = 24.1kw
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The uncontrolled forecasted load for this interval, as illustrated in Figure 3.12; is

70kw; thus, the power level after this control action is predicted to be:

Pty =70+ 24.1 = 94.1kw

As can be seen in Figure 3.12, the actual measured power after the control action
is 90kw, which is very close to the value that the model predicted. As before, the

error could be due to the forecast error and the nature of the statistical model.

The impact of this control action can also be estimated on the next interval using
(3.44). Using the data in Table 3.4 suggests that the impact on the second interval

will be:

62
If = ﬁ(0'52 —0.44)81 = 4kw

Since the uncontrolled load forecast for [7 : 45—8 : 00] is around 75kw, the control

action will increase this level by 4kw:

Pf,=T5+4 = T9%w

which agrees with the measured value.
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4 Load Control Strategies

It is assumed that the power consumptions of individual controllable loads are avail-
able, and each load is equipped with an electronic switch in series with its inter-
nal thermostat system which allows centralized control for connecting/disconnecting
power to the device. With these assumptions, it can be concluded that TCA devices

such as DEWHs may not be controllable at all instants in time:

1. when the internal thermostat turns the DEWH off due to high water temper-

ature, the controller cannot turn it back on.

2. when the water temperature falls below a certain threshold, customer comfort
will be compromised and it becomes necessary for the DEWH to remain on to

heat up the water.

These constraints reduce the load following capacity of a controller. In order to
produce feasible set points for load following, an estimation of the system capacity
is required. The control strategy defines how the load should be scheduled to both
follow a given set point, and maintain customer comfort. The definitions for the
customer comfort and the strategy for scheduling the loads may change the limits
of the achievable power level. So, different control strategies may have different

capacities to follow a desired load.

Section 4.1 presents the terminology and definitions of various concepts used by
the controller. A basic load following strategy along with a model of its capacity is

presented in Section 4.2, followed by the experimental results in Section 4.3. Another
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control strategy is presented in Section 4.4 which tries to make a balance in its reserve

capacity. The experimental results are presented in Section 4.5.

4.1 Definitions

Figure 4.1 depicts a general overview of the direct load control system. In a load
following program, the power consumptions of the individual loads are manipulated
by the controller in a way that the aggregated load follows a desired aggregated load
(DAL) profile, given by the system operator. In order to generate a feasible DAL,
a forecast of power consumption along with the reserve capacities are required, as

illustrated in this figure.

Various terms, such as aggregated load, which are used frequently in this chapter
are required to be defined carefully. This section presents the definitions of these

terms and how they are formulated.

4.1.1 Terminology

Aggregated Load: Let us assume that there are N end-use devices (DEWHs) in
the system, and the power consumptions of the 7" device at time k is denoted by p.
The aggregated load, denoted by P, = Zf\il ps, is the sum of the measured power of
each individual load at time k. The forecasted aggregated load, denoted by ﬁ,ﬁﬂk is
the forecasted aggregated power consumptions of the loads that is generated at time
k for a time horizon after k£, where j > 1. Similarly, the forecasted aggregated power
for time £ that is generated one sample earlier is denoted by ﬁk|k_1. For simplicity,

this will be written as ﬁk
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Figure 4.1: The overall structure of a load following control system.

Desired Aggregated Load (DAL): is a load profile of the aggregated power
consumption that is generated by the system operator for the controller to follow in

a future time horizon.

Set Point: The value of the DAL at each point in time is called a set point,
denoted by Pdesred Tt is the desired aggregated power to be achieved by controlling

the power consumptions of individual loads at the given time k in the future.

Controlled /Uncontrolled Load Profile: If the controller performs any action
on the load and changes its normal power consumptions, then the power consump-
tion load profile will be referred to as a Controlled Load Profile. In the absence

of centralized control, the power consumption load profile is called an Uncontrolled

Load Profile.

Managed/Unmanaged Load Profile: In a special case when the set point is
equal to the forecasted load (Plesired = ﬁk), then the resulting load profile will be

referred to as an Unmanaged Load Profile, regardless of whether the controller is
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sending a control signal or not. For all other choices of Pge*d the resulting load

profile will be referred to as a Managed Load Profile

Customer Comfort may be measured by the average water temperature of the
controlled DEWH. To ensure customer comfort, the controller should prevent the
average water temperature from dropping below a certain threshold value. There are
circumstances when customer comfort is compromised without any control action,
for example, when a large amount of water is used in a short time, the temperature

may drop quickly. Under these circumstances, control will not alleviate this effect.

Ramp-Up Reserve Set (Uy): This is a set of DEWHs whose internal ther-
mostats are active at the given time k, but the controller has disabled power to the

heater. The DEWH will consume power at the instant the controller enables power

to the DEWH.

Ramp-Down Reserve Set (Dy): This set contains the DEWHs that are con-
suming power at the given time £, and may be turned off by the controller without

compromising the customers.

Ramp-Up Reserve Capacity (P): This is the power that can be added to
the unmanaged load profile by turning on the controllable loads. A forecast of the
ramp-up reserve capacity for the j* sample ahead at time k is denoted by ﬁ,gr ik

where j > 1. For simplicity, the forecasted value of the ramp-up reserve capacity at

time k will be denoted by PV

Ramp-Down Reserve Capacity (PP) : This is the power that can be reduced
from the unmanaged load profile by turning off the controllable loads. A forecast
of the ramp-down reserve capacity for the j* sample ahead at time % is denoted by
pD

ijje> Where j > 1. For simplicity, the forecasted value of the ramp-down reserve

capacity at time k will be denoted by ]3,? .
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4.1.2 Formulation
4.1.2.1 Reserve Sets

Reserve capacity is the amount of power that can be added to or deducted from an
unmanaged load under centralized control while maintaining customer comfort. Let
us assume that the measurements of the power consumption of each end-use device
are available. Therefore, the controller can cluster the loads into various groups that

can be used as reserve sets.

Let N denote the number of controllable loads (in this project, electric water
heaters) in the system. If si denotes the on(= 1)/off(= 0) internal state of the *"
controllable load at time k, and 7T} denotes the water temperature in the i tank
at time k, then the forecasted value for each of these parameters will be denoted
by s and f,z respectively. The forecasted ramp-down reserve set at time k can be

formulated as:

Di={i€l.Njui =15 =17} >T,} (4.1)
where T is a threshold temperature for customer comfort.

However, the temperature data may not be available for use by the controller
to ensure customer comfort. Another method to guarantee customers comfort is to
impose a constraint on the control action such that the load is not interrupted more
than [ samples within a window of L samples. The ramp-down reserve set with this

constraint can be formulated as:

L
Dy={i € L.Nu=15=1 (1-u_,)<I} (4.2)
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where u!,_ denotes the control signal for the i'" load at time k—m. In this equation,

u = ( indicates a turn-off command.

The values for [ and L can be chosen by a simulator to ensure that the controller
will not compromise the customer comfort, as explained in Appendix C.1. The values
of | =4 and L = 8 were selected and used in two pilot projects with approximately

300 DEWHs in total where no complaints were received regarding customer comfort.

For the ramp-up reserve set, a similar approach can be used. Ramp-up reserve set
contains the controllable loads that are turned off by the controller, and if enabled,
they can start consuming power. This means that a load is in the ramp-up reserve
set at time k, if it is turned off by the controller at time k£ — 1, and its internal
thermostatic state is on and ready to consume power. This set can be formulated

as:

L
Up={i€ LN5,=1Lu,=0Y (1-uj,)<I} (4.3)
m=1

4.1.2.2 Reserve Capacity

Let P! denote the nominal power rating of the i'® controllable load. Then the

forecasted ramp-down capacity (ﬁkD ) at time k can be obtained from:

PP =>"r; (4.4)

iGﬁk
where ZA?k denotes the forecasted ramp-down reserve set at time k.

Similarly, the forecasted ramp-up reserve capacity (P ) at time k can be obtained

from:

Pl =>"P (4.5)

iEﬁk
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where ﬁk denotes the forecasted ramp-up reserve set at time k.

Assuming that all controllable loads have identical nominal power rating (F),

then (4.4) and (4.5) can be rewritten as:

PP = Pyn(Dy,) (4.6)
P = Pyn(T5) (4.7)

where n(..) denotes the number of members in that set.

The ramp-up or down reserve capacity can be calculated at each instant of time
using (4.6) and (4.7). The average reserve capacity can be calculated using the

following equations:

PP = PyE{n(Dy)} (4.8)

Pl = RE{n(Uy)} (4.9)

where Z denotes the average value of the parameter x and E{z} is the expected

value of the parameter x.
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4.2 Basic Load Following Strategy

4.2.1 Formulation

The main objective of the basic load following controller is to minimize the difference

between the forecasted load and the desired load.

The desired load at time k, denoted by Pgesed may be provided by the system
operator. Let 5% denote the forecasted on/off status of the i load at time k. Thus

the aggregated forecasted power will be:
Py =" uj R, (4.10)

where u} is the control signal for the i load at time k.

The controller generates the control signals to minimize the objective function in

(4.11) as a function of uy which is a vector of control signals for each individual load

(ag = [up, ..., ud]):

N
Jo(up) = (Pfesred =N " uiRs,)” st (4.2) and (4.3) (4.11)

=1

To decrease the forecasted load in order to match the desired set point, the con-
troller sends ‘turn off” commands (u% = 0) to those loads in the Dy, set. In order to
increase the forecasted load, the ‘turn on’ commands (u} = 1) will be sent to the

loads in the U, set.
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4.2.2 Unmanaged Reserve Capacity

Reserve capacity not only depends on the time, but also depends on the previous

commands to a specific load due to customer comfort in (4.2).

To determine the average reserve capacity of the controller, let us assume that
the desired load is equal to the forecasted load (unmanaged load). In this case, the
controller does not need to change the power consumption of any load; so, u'(k) = 1
for all loads at all times. Since no load was turned off at any time, no load will be
placed in Uy at any time, which means that the ramp-up capacity will be equal to

Zero.

n(Us) =0=P!=0 for all k (4.12)

For the ramp-down capacity, according to (4.8), the average reserve capacity is
proportional to the average number of loads in the ramp-down reserve set (n(Dy)).
The expected value of n(Dy,) can be obtained by adding the probability of each load

may be in the ramp-down reserve set:

N

E{n(Dy)} =Y _ Prob{i € Dy} (4.13)

i=1
where Prob{i € Dy} is the probability that the i load is in the ramp-down reserve
set at given time k. Based on the definition of the ramp-down reserve set in (4.2),

This probability can be formulated as:

L
Prob{i € Dy} = Prob{s, =1, (1 —uj_,) <1} (4.14)
m=1
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Since ug, = 1 during the unmanaged time interval, 3% _ (1 —wj_, ) =0, thus

Prob{i € Dy} = Prob{si =1} (4.15)

Substituting (4.15) in (4.13) and assuming that all loads have similar statistical

behaviour, the expected number of loads in the ramp-down reserve set will be:

E{n(Dy} = N Prob{s; =1} (4.16)

Therefore, at a given time k, the average value for the ramp-down reserve capacity
will be
pp

theory

(k) = NPyProb{s, = 1} (4.17)

where Prob{s; = 1} is the probability that a load is consuming power at time k.
This probability can be computed by dividing the number of water heaters that are

on at a time instant k& over the total number of water heaters.

Figure 4.2 depicts the average probability that a load would be on at each time
interval in a day. This figure was obtained through the direct measurements of

approximately 100 DEWHs over 2 months.

For example, at 7 : 00 am, the probability that a water heater is on, is about 25%,
thus using (4.17), it is expected that the ramp-down reserve capacity for a group of

100 DEWHs with 3kW nominal power rating would be 75kW .
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Figure 4.2: The average probability that a load would be on at different times of a
day

4.3 Experimental Results

The proposed controller was deployed on a pilot project containing approximately
100 loads and executed for several months. The reserve capacity of this controller

and its performance were analyzed.

4.3.1 Average Unmanaged Reserve Capacity

In order to measure the average unmanaged reserve capacity of this control strategy,
the controller was executed with the set points equal to the forecasted load, in
order to preserve the capacity. The reserve capacity for each time was forecasted by
forecasting the state of each load (13,? ). Then, by measuring the actual state of the
loads and forming the reserve sets using (4.2) and (4.3), the actual reserve capacity

at that time can be measured (PP).
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Figure 4.3: The average measured (PP), forecasted (PP) and modeled (Piheory)
ramp-down reserve capacity (top), and the mean absolute percentage of forecast
error (bottom)

Moreover, (4.17) provides a theoretical estimation on the average ramp-down

reserve capacity, Rﬁewy(k). The actual average ramp-down reserve capacity, PP,

is obtained by calculating the mean value of the reserve capacity at a specific time

of day over the three previous months. The same method was applied to calculate
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=D
the average forecasted reserve capacity, P, . These average values along with the
theoretical value for the ramp-down capacity are depicted in Figure 4.3. The average
ramp-down capacity is obtained by averaging the ramp-down reserve capacity over

a month.

As can be seen in this figure, the reserve capacity changes with the time. In the
morning, when the probability of the water heater being energized is higher, the

reserve capacity is also higher.

The mean absolute percentage error (MAPE) used in forecasting the reserve ca-

pacity, which is depicted in Figure 4.3 (bottom), is calculated by:
MAPE, =100 x M (4.18)

PP

From the definition of the relative error in (4.18), when the reserve capacity is
small, a small error in forecast may result in large relative error. For example at
1 : 00am, when the measured reserve capacity is 21kW while the forecasted reserve is
15kW | the 6kW error is due to the error in forecasting the status of 2 water heaters
out of 96, but the relative error will be approximately 40%. However, at 7 : 00am
when the measured capacity is 72kW and the forecasted capacity is 81kW (forecast
error in the state of 3 water heaters out of 96), the relative error is approximately

11%.

It should be noted that the forecasted reserve capacity is obtained by aggregating
the forecasted on/off status of the individual loads. As described in Chapter 3, it
is expected to observe a 20% aggregated error if there is a 5% error in individual

forecasts, which agrees with the results depicted in this figure.
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4.3.2 Control System Performance

The difference between the measured aggregated load and the desired aggregated
load (DAL) shows how much the controller is successful in following the desired load
profile. The basic load following control strategy was deployed on a pilot containing
approximately 100 DEWHs. A system operator produced the set points using the
forecasted reserve capacity, load profile, and wind generation capacity from various

sources.

Figure 4.4 depicts an example of the load following program over a day, along
with the absolute relative error in following the desired load. This figure shows the
forecasted load (P;) along with the set points (P2"°d) and the measured power
consumptions (Pj) of the DEWHs. As can be seen in this figure, the set points
are given in a way to shave the forecasted peak in the morning and evening. The

controller tries to follow this target profile by controlling the individual loads.

The absolute relative error in following the desired load is calculated by:

|Plglesired _ Pk|

=100 x
r Pdesired

(4.19)

This controller was operating over several months and the load following absolute
error (e = |Pesired — Pi|) and the absolute relative error (4.19) were calculated for
each set point. The average absolute relative error of this controller over a month at
different times of a day is depicted in Figure 4.5. On average, the absolute error of
this control strategy in following the DAL is 4.6kW and the average relative error is

approximately 8%.
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Performance of the Basic Control Strategy for Load Following
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Figure 4.4: The operation of the controller with the basic strategy (top) and its
absolute percentage error (bottom)

4.4 Balanced-Reserve Control Strategy

In this dissertation, it is assumed that if a DEWH is turned off by its internal
thermostat, it cannot be turned back on unless its thermostat turns it on due to low
water temperature, as described in Chapter 2. When the DEWH is thermostatically
turned on, it may, or may not be eligible to be used for control purposes due to

customer comfort. According to (4.2), if the DEWH is not interrupted more than
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Figure 4.5: The mean absolute percentage error of the basic load following strategy

[ samples in the previous L sample window, and it is thermostatically on, then it
will be placed in the ramp-down reserve set. Then, the controller may select it to
be interrupted, and move it to the ramp-up set by turning it off. Figure 4.6 depicts
the transitions between possible states that a water heater could take. The various

states and conditions can be summarized as:

e s;: denotes the on/off status of the internal thermostat of the DEWH.

e Ry: denotes a condition for customer comfort, as implied in (4.2). In this
dissertation, the condition for a load to be used in ramp-down reserve set is

that it is not interrupted more than [ samples during past L samples:

1S (1 —u,,) <l
Ry = L=t (1 = thim) (4.20)

0 otherwise

e Off: The DEWH is turned off by its internal thermostat (i.e. s = 0).
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States:

Off: internal thermostat is off
» On: internal thermostat is on, and is not allowed
Ly to be interrupted
A D: DEWH belongs to Ramp-down reserve set
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Figure 4.6: The state transition of an individual DEWH

e On: The DEWH is on (i.e. s = 1), and the controller is not allowed to turn

it off due to customer comfort (it means that the load was interrupted at least
[ times over past L samples, i.e Ry = 0).

e 2 The DEWH is on, and it can be interrupted without compromising customer
comfort. This load belongs to the ramp-down reserve set, Dj..

e 7/ The internal thermostat is on, however, the external controller has inter-
Uy.

rupted the load (i.e. u; = 0). This load belongs to the ramp-up reserve set,

As can be seen in this figure, the ramp-up reserve set can only be formed when
a DEWH is turned off by the controller. Thus, the controller can manipulate the
in Figure 4.6.

reserve sets by turning on and off the loads in the ramp-down reserve set, as depicted

The balanced-reserve control strategy aims to create a balance in the number of

loads that belong to Uy and Dy by intentionally causing the load to transition from
ramp-down reserve set to ramp-up reserve set.
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4.4.1 Formulation

At each time instant, &k, the ramp-down reserve set, Dy, is a set of the loads that can
be used for reducing the aggregated power consumption, and the ramp-up reserve
set, Uy, is a set of the loads that can be used to increase the aggregated power

consumption.

The controller can adjust the number of loads that belong to U, by intentionally
turning off a DEWH that initially belongs to the set Dy. However, this operation
may reduce the capability of a load to be used in Dy in future due to the customer
comfort constraint imposed in (4.2). Therefore, an additional constraint is considered
that only allows the controller to transition loads from Dj, to Uy if the controller has
not turned it off in the previous sample, i.e. u,_; = 1. Let A, denote the set of the

loads that are eligible and available for this operation:

Ay, = {i € Dp|up_1 = 1} (4.21)

A new water heater state, 4, as shown in Figure 4.7, identifies when a load satisfies
the condition in (4.21). At any time instant, k, some water heaters are ‘off” by their
internal thermostat controls, and some water heaters are ‘on’. Within the ‘on’ set,
only those water heaters that satisfy (4.2), i.e. (Rx = 1), can be used as the ramp-
down reserve set, D;. Again, among these water heaters, only those that satisfy
(4.21), and therefore belong to the set Ay, can be turned off to transition to the
ramp-up reserve set U,. The process of selecting the loads that belong to ﬁk and

intentionally transitioning loads to the set Uy is formulated by the control strategy.

To follow the desired aggregated load and balance the number of loads belonging

to the reserve sets, the controller minimizes two cost functions J} and JZ, as a
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States:

Off: internal thermostat is off

On: internal thermostat is on, and is not allowed
to be interrupted

D: DEWH belongs to Ramp-down reserve set

4. DEWH belongs to Ramp-up reserve set

7 Available to form ramp-up reserve set
Conditions:

R if é (1-u )<l
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si: Next On/Off state of the DEWH
ui: Control signal

Figure 4.7: The state transition of an individual DEWH in the balanced-reserve
strategy

function of uy, as listed in (4.22) subject to the constraints (4.2), (4.3), and (4.21),

where uy, is a vector of control signals for each individual load: ug = [u}, ..., ul].

Ji(uy) = (Pfesired — SN yiPysi)® st (4.2) and (4.3)
(4.22)

J2(w) = (n(A) —n(lh)? st (4.21)

J} is the difference between the desired set point and the forecasted load. The
controller will minimize this function by selecting the water heaters to be turned off
(i.e. uf =0) or on (i.e. u} = 1) from the reserve sets Uy and Dy. On the other hand,
J? is the secondary cost function through which the controller manages the loads
belonging to the ramp-up reserve set by minimizing this cost function that results

in balancing the number of water heaters in the A, and Uj.
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4.4.2 Unmanaged Reserve Capacity

The reserve capacity depends on the control strategy and the given set points to
follow. In the unmanaged load control scenario, the given set point is equal to the
forecasted load, and therefore does not effect the reserve capacity. So, the unmanaged
reserve capacity reflects the maximum reserve capacity available for various control

strategies.

At each time instant k, the controller intentionally changes the state of some
water heaters from 4 to % in order to create a ramp-up reserve capacity during
the interval [k, k + 1]; thus, the reserve sets will be different at a time instant k
and slightly before k, denoted by k~, changing from an uncontrolled reserve set to a

controlled reserve set.

Let us define D}, where the superscript u specifies the uncontrolled ramp-down
reserve set before the sampling time k. This set contains the loads that can be
turned off without disturbing the customers. However, due to (4.21), the controller
can only turn off the loads that are not turned off in the previous sampling interval.
This means that only a subset of the D}'_, denoted by Ay, is available to be used

for this control strategy.

To estimate the reserve capacity, let us assume that the control actions start at
ko. This means that the controller has not issued any turn-off commands earlier.
Therefore,

Ay =D (4.23)

To minimize the J , the controller sends turn-off commands to one half of the

loads belonging to the uncontrolled ramp-down reserve set (DZ,), which result in a
0

change in the ramp-down and ramp-up reserve sets. These new sets are denoted by

Dy, and U respectively where the superscript ¢ denotes the controlled sets.
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n(D§,) = n(U5,) = gn(Ay) = gn(DL) (4.24)

Let %k denote the next sampling time. Thus, the ramp-down reserve set will be

D}~ U Uy, . The available load for the control will be:
A = DZI_ - (DZI’ Uk,) (4.25)

where the minus sign denotes an exclusive operation on the sets.

Now by turning off one half of the available loads at k;, the ramp-up reserve
set will contain n(Ug ) DEWHSs, and the other half of the eligible loads plus the
controlled load from previous interval will form the controlled ramp-down reserve
set n(Ug, ).

nUE) = $n(Ay) = Sn(DL) — dn(Dy U,

1

(4.26)

n(D§,) = 3n(A;-) + n(Uf,)

2

According to (4.24), since the controlled ramp-up reserve set contains half of the

loads in the uncontrolled ramp-down reserve set, therefore

n(Ug) = %n(DZO) (4.27)
= B{n(D}-,Uf,)} = %E{n(Dgl_, D)} (4.28)
= E{n(U},)} = 3 B{n(D}.)} - E{(D} D)) (4.29)
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The controlled ramp-down reserve set would be the other half of the eligible load
in addition to the controlled ramp-up set from the previous interval:

n(Dy,) = n(Ug,) + %n(Akl) (4.30)

In general, it can be concluded that

E{n(U{)} = 3E{n(D;-)} — 1E{n(D}-, D} , )}

— 2

(4.31)

E{n(Dp)} = E{n(Ug)} + E{n(U;_1)}

According to (4.9) and (4.8), the average ramp-up and ramp-down reserve capacity
is:
PY = PyE{n(U¢
P = RB{p) )
Py = E{n(D})}

Substituting (4.16) in (4.31) and (4.32), the average controlled reserve capacities

can be obtained from (4.33).

Pt%ewy(k) = %(Prob{sk =1} — LProb{sy =1,5,_1 = 1}>
(4.33)
pt%eory(k) = pt(;z[eory(k - 1) + Pt%eory(k)
where at the initial time kg:
Pt[ijzveory(ko) = %PTOZ){SICO = 1}
(4.34)
Plory (ko) = 252 Prob{sy, = 1}
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Figure 4.8: The average probability that a load consumes power over two consecutive
time intervals.

It should be noted that (4.33) and (4.34) are based on uncontrolled load state
probabilities. It means that these probabilities can be calculated with direct mea-

surements.

The probability that a load is on at time instant k, Prob{s; = 1}, can be computed
by dividing the number of water heaters that are on at that time over the total

number of water heaters, as described for (4.17) and depicted in Figure 4.2.

The probability that a load is on at two consecutive time instants £ — 1 and k,
Prob{s; = 1,sx_1 = 1}, also can be computed similarly by dividing the number of
water heaters that are on over that two consecutive samples over the total number

of water heaters, as depicted in Figure 4.8.

As an example, at 7 : 00am the probability that a water heater is on, is about 25%,
as depicted in Figure 4.2. And at the same time, Prob{sy = 1,s,_1 = 1} = 20%,

as depicted in Figure 4.8. Thus, at this time, it is expected that the ramp-up and
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down reserve capacities for a group of 100 DEWHs with a 3 — kW nominal power

rating would be 25kW and 50kW respectively.

4.5 Experimental Results

The proposed controller was deployed on a pilot project with approximately 100
DEWHs. In this pilot, the power consumption of each individual load could be
obtained through a smart meter and the load could be controlled through a load

control module, installed at each house.

4.5.1 Average Unmanaged Reserve Capacity

The controller receives the forecasted load for the next control interval to shape the
uncontrolled ramp-down set (D}’_). It should be noted that the forecast algorithm
has already included the controlled house for this interval into the on loads over the

next interval.

The controller then selects the available loads (Ag-) regarding (4.21). This set
contains the loads that were not selected to be turned off in the previous control
interval. Half of this set will be selected randomly to be off in order to provide

ramp-up capacity for the interval after this interval (k + 1).

By turning off the loads at each time interval, the controller produces ramp-up
(PY) and ramp-down (PP) reserve capacities. These capacities can be forecasted
by forecasting the on/off status of the individual loads, and then can be measured

using (4.8) and (4.9).

The average ramp-up (PY) and ramp-down (PP) reserve capacities of this con-

troller were measured over 3 weeks of unmanaged load profiles. The average fore-
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Figure 4.9: The average measured, forecasted, and estimated ramp-up and ramp-
down reserve capacities.

casted (]3_U and ﬁ_D) and measured reserve capacities during each interval in a day
are depicted in Figure 4.9, along with the values predicted by the mathematical
model (]3_U theory and J§U theory) Of the unmanaged reserve capacity by (4.33). As can
be seen in this figure, the mathematical model provides a good estimation of the

unmanaged reserve capacities.
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Figure 4.10: The mean absolute percentage error in forecasting the reserve capacities.

The forecasting absolute percentage error of the reserve capacities are calculated

by:
ep =100 x HL]
eh =100 x Fi (4.35)

The average of the absolute percentage error in forecasting the reserve capacities

is depicted in Figure 4.10.

4.5.2 Control System Performance

To evaluate the performance of the load following capability of the balance-reserved
control strategy, a set-point load profile was given to the controller for each time

interval, called desired aggregated load (DAL).

The objectives of the controller, as described in (4.22), are to control the loads in
order to follow the DAL set points (J}) and to provide both ramp-up and ramp-down

reserve capacity by intentionally turning off the available loads (J?). A forecast of

107



the individual thermostat status (%) of each individual water heater is required in
order to minimize the controller function (4.22) and form the ramp-up and ramp-
down reserve sets. These forecasts can be computed using the methods introduced in
Section 3.2. It should be noted that due to the definitions of the reserve capacities,

the customer comfort is guaranteed.

Figure 4.11 illustrates a snapshot of this operation. In this figure, the target set
points (DAL) and the measured load profile (the controlled load profile) are depicted
on the top and the absolute percentage error is depicted in the bottom. The absolute
percentage error is calculated by:

|P]glesired o Pk|

€rR = 100 x Pdesired
k

(4.36)

This controller was operating over 2 weeks. The mean absolute percentage error,

€r, as depicted in Figure 4.12, was calculated across each of 14 days .

It can be observed that the average error over a day is approximately 8kW and
the average MAPE is approximately 20%. Compared to the basic strategy, the
balanced-reserve strategy produces larger errors in following the DAL. One main
reason is due to use of the ramp-down reserve capacity in order to provide ramp-
up capacity. This operation reduces the capability to decrease the load in future.
However, it is expected that with large number of controllable loads, the amount of

reserve capacity increases, which provides better load following capacities.
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Figure 4.11: A sample snapshot of the balanced-reserve strategy trying to follow a
target load profile (DAL)
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MAPE of the Balanced—Reserve Control Strategy
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Figure 4.12: The mean absolute percentage error of the balanced-reserve strategy.
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5 PowerShift Atlantic

A pilot project, called PowerShift Atlantic (PSA) [69], was started in 2009 and aimed

to provide up to 20MW of ancillary service to balance the intermittency of renewable

generation. The PSA project provided an experimental platform for testing and

verifying the aggregated control system presented in Chapter 4.

The overall structure of the PSA project is illustrated in Figure 5.1. As can be

seen in this figure, the PSA project has a hierarchical structure that makes it easily

scalable by integrating more load aggregators with different load classes or different

communication infrastructures.

Wind

System |

Other
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"| Operator |
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h J
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L_T
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UNB-SJE Load
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UNB-MECL Load
Aggregator;

Load
Aggregator,

f

A

UNB-SJE
Load Class

UNB-MECL
Load Class

Load Class,

Power Shift Atlantic (PSA)

Figure 5.1: Structure of the PSA Project

There are various modules in the PSA architecture. The virtual power plant

(VPP) is the system manager. It communicates with the system operator like a power
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plant, using the same protocol as others. The VPP also communicates with various
load aggregators. Each load aggregator controls a load class, such as residential
water heaters or thermos-storage units, through a communication infrastructure.
The designed controller in this dissertation was implemented as one of the load

aggregators in Figure 5.1 that controls a water heater load class.

The rest of this chapter is organized as follows. Section 5.1 describes the structure
of the VPP. Various load classes and communication infrastructures are introduced
in Section 5.2. Section 5.3 illustrates the structure of the UNB Load aggregators,

and the experimental results are presented in Section 5.4.

5.1 Virtual Power Plant

The concept of the virtual power plant (VPP) is based on the future use of distributed
power generation for small energy production units [76]. A VPP may contain various
generators, combine different types of renewable and non-renewable power generators

and/or storage devices, and deliver them to the electricity market [77].

VPPs are one of the new strategies of integrating distributed energy resources into
the power grid [78, 79]. The main characteristics of a VPP are its software-dependant

nature, and its focus on energy-market participation [80].

The VPP plays a key role in the architecture of the PSA. It is responsible for
managing the load aggregators and communicating with the system operator (SO).
From the SO point of view, the VPP is a unique entity like a power plant that is
capable of providing ancillary services, such as 10-minutes spinning reserve. The
VPP regularly sends a load control plan and status update to the SO and receives

forecast shapes and real-time dispatch instructions from the SO.
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The VPP performs two key functions for the system operator:

1. It simplifies the system operators job of balancing the grid by instructing the
aggregators how to redistribute load throughout the day, within feasibility con-
straints, in a manner that takes into account the variation in load and wind
generation forecast provided by the system operator. This function (balanc-
ing the grid) will occur continuously throughout the day. The optimization
required to determine the optimal load values for the aggregators will be con-

ducted over a rolling 24 hour planning horizon.

2. It fulfills the equivalent of a 10-minute spinning reserve activation instruction
by increasing or decreasing the total load, upon a real time request from the
system operator. In this manner the VPP will provide a resource to the system
operator that can be used to balance load with generation through manipulat-
ing the load. To the system operator the VPP will appear to provide 60 minutes
of Generation-Up or Generation-Down, within 10 minutes of the receipt of the

dispatch.

5.2 Controllable Load and Communication Infras-

tructure

The controllable load should have special characteristics to be used in a DSM pro-
gram. It should be interruptible without influencing customers’ comfort and should
hold a large share of the total load in order to change the shape of the aggregated
load.

There are three main load classes in the PSA: i) domestic electric water heaters

(DEWHs), ii) electric thermal storage units (ETS), and iii)heating, ventilation and
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Table 5.1: A summary of the various load classes in PSA

Class Name | Type | # of sites | # of devices
UNB-MECL | DEWH 135 97
UNB-SJE DEWH 204 204
LAG1-LC1 | DEWH 411 411
LAG2-LC11 | DEWH 74 74
LAG2-LC22 | DEWH 47 47
LAG2-LC33 | DEWH 23 23
LAG2-LC44 ETS 27 86
LAG2-LC55 ETS 88 161
LAG3-LC1 ETS 138 353
LAG4-LC11 | HVAC 22 22
LAG4-LC22 | HVAC 4 4

air conditioning units (HVAC). Each load class (LC) has several groups of control-
lable end-use devices, and is assigned to various load aggregators (LAG). A summary

of various load classes is listed in Table 5.1.

Among the various load classes listed in Table 5.1, two classes were assigned to
the University of New Brunswick (UNB) to deploy the proposed load controller.
These two classes are UNB-MECL and UNB-SJE. The first pilot was developed
in Prince Edward Island by Maritime Electric Corporation Ltd (MECL), and the
second pilot was developed in Saint John, NB, by Saint John Energy (SJE). The
overall structure of the pilot projects for UNB is depicted in Figure 5.2. Each pilot
has its own specifications, limitations, and infrastructure, as listed in Table 5.2.

Thus, each one needs a unique load aggregator.
MECL Pilot:

MECL uses Sequentrics products to equip electric water heaters in Prince Edward
Island with smart meters and load control modules (LCMs). These devices connect
to a gateway through a dedicated wireless connection, and the gateway uses the

Internet to send telemetry data and the LCM state to a server (called Sequentrics
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Figure 5.2: The two pilot projects for the University of New Brunswick in PSA

State Machine) at the utility. Other third party applications, such as UNB-MECL

Load Aggregator, can communicate with each end-use device (DEWH) through a
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connection to this state machine, as illustrated in Figure 5.2.

In this pilot, the on/off status of each individual DEWH is available. The sampling
time can be varied from 10 seconds to a month. In this project, a sampling time

of one sample per minute was used. The communication delay for receiving the

Table 5.2: A comparison of the two load classes for UNB

| MECL \ SJE
# of loads 96 195
Communication Internet Dedicated Wireless
Measured Parameter DEWH On/Off State | Household Energy
Sampling Interval 1 minute 5 minutes
Average Measurement Delay less than 1 second 45minutes
1 minute 10 minutes

Average Control Delay

115




measurements was less than a second. Due to the architecture of their system, the
commands to the load could only be sent when a new measurement was coming.

This limits the control speed to the sampling time (1 command per minute).
SJE Pilot:

Saint John Energy has equipped the houses with a smart meter and an LCM
on the water heater. The LCM communicates with the smart meter and the smart
meter uses a 220M H z wireless link to connect to the Tantalus server, as depicted in

Figure 5.2. The hardware and infrastructure were developed by Tantalus.

Smart meters measure and send the energy consumption of each house at specific
times. In this pilot, smart meters are set to sample every 5 minutes. The LCMs
contain a controllable switch that can only be used to connect/disconnect the power
line to the DEWH with no information transmitted about the on/off state of the
DEWH. It was observed that the average delay in receiving smart meter data was
around 45 minutes (due to the limitation on transmitting power, each smart meter
can only send the measured data once every 90 minutes). However, the control
signals took about 10 minutes to get to the load and be executed. These difficulties
make the controller design more challenging. Without real-time measurements, the

controller error may grow large.

5.3 Load Aggregator

The load aggregators are in direct communication with the VPP and the end-use
devices (EUD) to control the EUD consumptions so that it follows the desired ag-

gregated load from the VPP and maintains customer comfort.
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The load aggregator has a modular design, as depicted in Figure 5.3. This figure
shows the block diagram of the load aggregator for the MECL pilot. The main blocks

of this system are:
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8-Log of the LCM commands

Figure 5.3: The structure of the load aggregator for the MECL pilot

1. Load interface: This module implements the communication protocol with the
load. For each pilot, a different block can be designed. This module stores
the telemetry data into a local database and also sends the control commands

(turn on/off) to the loads.

2. VPP interface: This module implements a specific protocol to communicate
with the VPP. According to this protocol, the load aggregator should send a
load forecast (called forecast load capability, FLC) to the VPP every hour and
receive the desired aggregated load (called gross dispatch instruction, GDI)
every minute. The VPP should also send a status report on the aggregated
power consumptions of the EUDs (called performance status updated, PSU).
The PSUs and FLCs are generated by the load forecast module and shipped
to this module to be transmitted to the VPP according to the communication

protocol.
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3. Processing Unit: This module implements the main parts of the load aggrega-

tor. It contains two main modules:

e Load forecast: This module generates a forecast of the load to be used by
the controller and the VPP interface. It uses the telemetry data received
by the load interface through a database. Details on the forecast methods

are discussed in Chapter 3.

e DEWH controller: This module implements the actual load following con-
troller that tracks the desired aggregated load, received from the VPP
interface. The on/off commands will be sent to the loads through the

load interface. Details of the control strategy is presented in Chapter 4

Figure 5.4 illustrates a snapshot of the GUI of the main window. It contains
a section for the load forecast settings, a section for the controller setting, and
a canvas to show the aggregated measured power (PSU), forecasts (FLC) and

set points (GDI).
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5.4 Experimental Results

As mentioned in Section 5.2, two classes of the electric water heaters were provided
for UNB to deploy the load aggregators. The experimental results of each pilot are

explained in this section.

5.4.1 MECL Pilot

The structure of the load aggregator for the MECL pilot is depicted in Figure 5.3.
The on/off status of each individual DEWH in this pilot is received by the load
interface and stored in a local database. A load forecast module produces individual
and aggregated load forecasts (as described in Chapter 3). The VPP interface sends
the forecasted power consumptions and reserve capacities to the VPP and receives
the set points in the desired aggregated load. The controller uses the set points
and individual load forecasts to control the on/off status of each individual loads, as

described in Chapter 4.

5.4.1.1 Load Forecast Evaluation

An unmanaged load profile, as described in Chapter 4, is more appropriate than
a managed load to evaluate a forecasted load because in the managed load, the
controller will change the power consumptions of the loads in order to follow a

desired trajectory.

Figure 5.5 depicts one example of an unmanaged load profile. This figure shows
the aggregated measured power consumption of the loads in the MECL pilot, over-
layed with a forecasted aggregated power which was created at 6 : 00 am for a

window of 4 hours.
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Figure 5.5: One example of a short term aggregated load forecast for uncontrolled
aggregated load.

Let the k& denote the time instant. The forecasted power at time k£ + j that is
created at time k is denoted by ﬁ(l{: + jlk), where j indicates the sample index in
the forecast horizon: 1 < 7 < 16 in this study. With this definition, the absolute
percentage relative error in forecasting the j* sample in the forecasting horizon can

be obtained by:

|P(k + j) — P(k + j|k)|

er(jlk) = 100 x S

1<j<16 (5.1)

where P(k + j) denotes the measured power consumption at time k + j.

The mean absolute percentage error for each sample in the forecast horizon can be
obtained by averaging the values of eg(j|k) for all values of k. Figure 5.6 depicts the
mean absolute percentage error of each sample in the forecast horizon. This figure
shows that the forecasting error varies between 12 — 15% over a 4-hour forecast

horizon.
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Figure 5.6: The mean absolute percentage error of each element in the forecast
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5.4.1.2 Load Controller Performance

The basic load following algorithm, described in Chapter 4, was deployed in the
MECL pilot for more than 8 months. During this time, the unmanaged reserve
capacity of the controller was measured and compared with the forecasted reserve

capacity, as depicted in Figure 5.7.

During the managed load profile, as described in Chapter 4, the controller will
follow the desired aggregated load by strategically turning on and off the individual

water heaters. Figure 5.8 depicts a snapshot of the operation of the controller.

At each time instant k, the controller uses the most recent forecast for this time,
ﬁ(k‘|k‘ — 1), to determine the control signals for each house, u%, in order to follow the

. . d Y d
given set point, P,

The absolute percentage error of the load following can be calculated by

|Plglesired - Pk;|

eR<k) = 100 x pdesired
k

122



Ramp-Down Reserve Capacity in Basic Control Strategy
T T T T T

100

90

80

70

60

P (kW)

50
40
30

20.:

10 1 1 1 1 1 1
00:00 02:30 05:00 07:30 10:00 12:30 15:00 17:30 20:00 22:30

time
Figure 5.7: The average unmanaged ramp-down reserve capacity of the basic control
strategy over a day (measured vs. forecasted)

And the mean absolute percentage error of the controller at each time in a day,
can be calculated by computing (5.2) at that time in different days. Figure 5.9
illustrates the mean absolute percentage error of the controller over a day. As can
be seen in this figure, the average load following error may vary within 3 — 15% with

an average of 8%.

Remarks: It can be observed that the average error in following a desired aggre-
gated load on the MECL pilot is around 8%, which is better than the forecast error

(12-15%) because the controller is adjusting the power consumption of the loads.

It is also observed that the load following error may become large (upward ap-
proximately 30% or more, as depicted in Figure 4.4) at some time intervals. It is
a consequence of the lack of reserve capacity to control. This is the payback ef-
fect of the control actions on the reserve capacity that still need to be studied and

formulated.

It should also be noted that although the objective of the VPP is to shape the

aggregated load of all load classes in a way to best utilize the renewable energies, it is
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Figure 5.8: The controller changes the uncontrolled load profile to match the desired
aggregated load.
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Figure 5.9: The mean absolute percentage error of the basic load following strategy

possible that this objective could result in a peak shaving over a day, as illustrated in
Figure 5.10. This figure shows an uncontrolled aggregated load profile super-imposed
with the controlled load profile during another similar day (with a similar daily peak).
As can be seen in this figure, the morning peak is reduced by approximately 14kW

and shifted to the off-peak time intervals.
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Figure 5.10: A comparison of the uncontrolled load with controlled load profile to
illustrate a peak shaving
Another important remark is about the required computational power. As dis-

cussed in Chapter 3 and 4, two types of load forecasts are required in this system:

e Individual load forecast: where the forecast is created based on a look-up table
of the probability distribution of the uncontrolled on-off time intervals, using

(3.1)

e Aggregated load forecast: which is basically a trained neural network, so the

computational time is just sum of a multiplication, as listed in (3.22-3.23)

Once the forecasts are created, the reserve sets are formed based on the previous
control signals and forecasted individual loads, and since all data required is already

stored in the RAM for these calculations, this operation will be fast.

The bottleneck of the operation is to load individual data from the database.
As the number of loads increases, the size of the database grows, which increases
the response time to the queries. For 100 loads, it takes up to 250 ms to load
and store data from the database and calculate the individual forecasts and reserve

capacities. Since the sampling time for creating forecasts is 5 minutes, with the
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existing data structure and architecture of the software, the maximum possible loads

will be 120, 000.

5.4.2 SJE Pilot

The structure of the load aggregator for the SJE pilot is different from the MECL
pilot due to the nature of measurement devices and communication infrastructure,

as will be described in the following sections.

5.4.2.1 DEWH Load Extraction

In the SJE pilot, the AMI measures the energy consumption of the household. This
value consists of the DEWH energy consumptions and all other appliances in the

house.

Various methods, including ANN, were used to extract the DEWH load from the
household load. The input layer of the ANN took the past 4 hours samples of the
household power consumptions (48 input neurons) to estimate the current on/off
status of the water heater (1 output neuron) with 12 neurons in the hidden layer.
To obtain the actual DEWH on/off status for training the ANN, 4 houses were
equipped with additional smart meters to measure the power consumption of their
water heaters. Figure 5.11 depicts an example of the household power consumption
(Phousenold), measured DEWH power consumption (Ppgwy), and extracted DEWH

power consumption (ﬁDEWH) in summer (top) and winter (bottom).

Let si denote the on/off status of a DEWH at time instant k, then, the power
consumption of that water heater at time k will be Fysi, where Py is the nominal
power rating of that DEWH. Thus, estimating the power consumption of a water

heater is equivalent to estimating the on/off status of the DEWH. Hence, the success
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rate of a load extraction method can be defined as the number of successful on/off
state estimations, which is the probability that the estimated state is equal to the
actual state:

SR = 100 x PT‘Ob{/S\k = Sk} (53)

It was observed that during summer, the DEWH load can be extracted from the
household load with approximately 95% success rate. However, during winter, the
success rate falls below 50% because the power consumption patterns of heating
devices (such as baseboard heaters) are similar to the water heaters. This similarity
makes it difficult to distinguish power consumption of a DEWH from other appliances

In winter time.

5.4.2.2 Communication Delay

The smart meters continuously measure the energy consumption of the house. In
this project, the devices were programmed to store the samples every 5 minutes.
However, due to the limitation on the wireless communication, each smart meter
was allowed to send the data once every 90 minutes, and different smart meters

transmit data at different times.

Figure 5.12 depicts the delay of reading various measurements of one smart meter.
As can be seen in this figure, the smart meter is reporting the measured values at
approximately every 90 minutes. This means that on average, the last received

measurement at any give time is approximately 45 minutes old.
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Figure 5.11: Extracting the DEWH load profile from the household load profile in
summer (top) and winter (bottom)
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5.4.2.3 Unmanaged Load Forecast

Since the on/off state of the individual loads may not be available due to the load
extraction difficulties, and also the telemetry data of the individual loads may not
be available in real time due to communication delay, it is difficult to forecast the
individual loads; thus, only an aggregated load forecast is created in this pilot, as

described in 3.4.

Figure 5.13 depicts an example of an aggregated load forecast (]3(16 + j|k)) over-
layed with the actual aggregated measurements of household power consumption
(Peasured)- As can be seen in this figure, at the time instant when the forecast is
created, the measurements of all loads may not be received due to the communication
delay. This means that only the aggregated load profile of 90 — 100 minutes before
the creation time can be used to create an aggregated load forecast. Therefore, at
each time instant k, instead of having P(k + j|k), the forecasts are P(k + j|k —m),
where k£ — m is the last time when the telemetry data of all houses are received.
However, for simplicity, the same notation (ﬁ(k + jlk)) is used for the forecast that
is generated at time k, knowing that it was using the data of approximately 2 hours

earlier.

The absolute percentage error of each sample in the forecast horizon can be cal-

culated by
|P(k + j|k) = P(k + )|

er(jlk) = 100 x =
P(k+ jlk)

(5.4)

where k is a time index, and j belongs to [1..16], showing a window of 4 hours with

a 15-minute time interval.

The mean absolute percentage error of each sample in the forecast horizon, eg(j)
can be calculated by averaging er(j|k) at different time instants, k. Figure 5.14

depicts the mean absolute percentage error of each forecast intervals in the forecast
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horizon. As can be seen in this figure, the average relative forecast error may vary

within 19 — 21% over a 4-hour forecast horizon.

5.4.2.4 Load Controller Performance

In the SJE pilot, load extraction produces unacceptable estimation errors. Even if
the load extraction was acceptable, the large latency in receiving the measured data,

from a feedback control perspective is unacceptable. The control algorithm, defined
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in Chapter 4, requires an estimation of individual loads which cannot be created in
the SJE pilot. Thus, an alternate aggregated load control has been implemented for
the SJE pilot.

However, as described in Section 3.4.3, knowing the statistical characteristics of
the water heaters can help to estimate the expected value of the power reduction

obtained by a turn-off command to a group of loads and its payback effect after that.

Assuming that the water heaters on the SJE pilot have a similar statistical char-
acteristics to the water heaters on the MECL pilot, it can be inferred that the
prob{s; = 1} would be similar for both pilots, following the same pattern as shown

in Figure 4.2.

Let ﬁk and Pesired denote the forecasted power and the desired power at time k,
respectively. Assuming the all DEWHs have similar nominal power rating (denoted
by Fp), the number of loads that need to be controlled can be obtained by:

ﬁk _ P]éiesired

N = B (5.5)

Although the on/off states of the loads at time k are not available, the percentage
of the total loads that are on, i.e. Prob{s; = 1}, is known. This means that at
time k, in a group of ny DEWHs, there are ny x Prob{s; = 1} DEWHs that are on.
Therefore, in order to have .4 'turned on’ water heaters in the control set, a group

with n; random loads can be selected where:

N

- Prob{s, =1} (5.6)

N

D desired
Pk _ Pkeszre

= =
M Py x Prob{s; =1}

(5.7)
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Figure 5.15: Impact of a turn-off command for all water heaters on the aggregated
household power consumption.

As an example, based on Figure 4.2, at 7 : 00 am, approximately 25% of the
water heaters are on; thus, in order to reduce 150kW from the forecasted load (i.e.
P, — Pesired = 150kW ), according to (5.7), 200 loads should be selected to be turned
off. Figure 5.15 depicts an experiment in which 200 water heaters were interrupted
at 7 : 00 am, overlayed with an uncontrolled aggregated load forecast (using the
methods explained in Section 3.4), generated before the control action. As can
be seen in this figure, the aggregated household loads have dropped approximately
100EW to 140kW during this interval, which validates the assumption of similar

characteristics of the water heaters.

Using the statistical characteristics of the water heaters on the MECL pilot and
adapting it to the SJE pilot and using the payback model introduced in Section
3.4.3, the controller can determine how many water heaters should be selected to be
turned on or off in order to follow a desired aggregated load. Figure 5.16 depicts a

snapshot of the operation of this controller.
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Figure 5.16: An example of the aggregated load following controller in the SJE pilot)

The absolute percentage error in following a desired aggregated load at each time
instant, k£, can be calculated using:

’Pgesired _ Pk’

eR(k) =100 x Pdesired
k

(5.8)

The mean absolute percentage error, ég, is calculated by averaging the e at each
time instant in a day across several days. Figure 5.17 depicts the MAPE of the
controller in the SJE pilot. This figure shows that on average, the load following

error is approximately 20%.

Remarks: Experimental results show that the average error in following the
desired aggregated load in the SJE pilot is larger than MECL pilot due to various

reasons:

e The large communication delay expands the forecast horizon, which increases

the error in the forecasted load and reserve capacities.

e Due to lack of individual on/off states in this pilot, the controller sends the

control signals to a larger group of loads according to (5.7). This action limits
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Figure 5.17: The mean absolute percentage error of the load following on SJE pilot

the possibility of using those loads in the future intervals as a reserve set, due
to the customer comfort constraints introduced in (4.2) and (4.3). Thus, the
controller may not be able to have as much capacity as predicted which results

in a larger error in following the desired load.

Despite the limitations imposed by the infrastructure to the SJE pilot, it was a
successful demonstration using direct load control but with 20% error in forecasting
the load and tracking the desired load. Although the tracking errors are large, there
is still value with using such a control method when, for example, peak shaving is

an objective.
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6 Conclusions

6.1 Conclusions

Demand-side management (DSM) is a technique to adjust the consumption profile
to match generation. Studies show that DSM can be used to reduce energy bills of
the customers [10], and can ease power system operation through peak shaving, load

following, providing reserve capacity [11, 12] and fast response ancillary services [13].

Direct load control (DLC) is a method to manage the demand side. Domestic
electric water heaters (DEWHs) are feasible candidates for a DLC program because
the aggregated load profile of the DEWH i) contributes significantly to the total
aggregated residential load, and ii) follows similar pattern and peak times. Therefore,
changing the shape of the aggregated DEWH load profile can reshape the total load

profile and follow a desired aggregated load.

However, it should be noted that due to the internal thermostatic control of the
DEWH as well as the requirement to maintain level of customer comfort, a DEWH
may not always be available for control, which reduces the capacity of the controller

to increase or decrease the total power consumption.

To demonstrate the engineering merits of the research, the presented methodology
was deployed on a pilot project called PowerShift Atlantic (PSA), led by the provin-
cial utilities, NB Power, Saint John Energy, Maritime Electric, and NS Power. The
objective of the PSA was to provide up to 20M W of load following ancillary services

to balance the intermittency of renewable generation through directly controlling
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the power consumption of various load classes, such as electric water heaters and
electric thermal storage units. The presented methodology was deployed as a load
aggregator in the PSA project to model and control 300 residential water heaters,

and to assess performance in real-time operation.

The contributions of this research can be summarized as follow:

1. Load Modeling and Simulator: Despite vast studies on modeling the electric
water heaters [27, 19, 28, 15, 29, 30|, none of them presented a methodology
to identify the model parameters and water usage of an electric water heater
in a pilot in order to simulate and mimic its behaviour. In this dissertation,
a methodology is presented to estimate the DEWH model parameters and its
water usage pattern through the measurements of the DEWH power consump-
tion, and if available, its water temperature. Through this methodology, a
model for each individual DEWH in any given pilot can be identified. Then,
this model can be used to build a simulator to study the performance of the
controller, before deploying it on the real loads. Experimental results show
that the simulator can mimic the behaviour of the individual loads in the pres-
ence of the external control signals. The average relative error of the simulator

is less than 10%.

2. Load Forecast: The main challenge of load forecasting in a DLC is how the
control actions changes the forecasts. None of the previously cited research
[33, 34, 36, 37, 39, 40] addresses the effect of a control action on the forecast
nor the use of an altered historical load (due to a control action) to generate
an uncontrolled load forecast. This research is distinguished from others by
taking into account the payback effect of the control actions on the forecast-

ing algorithms. In this research, a payback model is presented and validated
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through experimental results for both individual load forecasts and aggregated

forecasts.

A statistic-based method is presented for individual load forecasts, which pro-
duces a higher success rate (on average, 15% higher) over the short-term fore-
cast horizon (4-hour ahead) compared to an ANN-based load forecast. Also, a
mathematical model is presented to estimate the relative error of aggregating
individual forecasts, which shows that the relative error can grow large, com-
pared to forecasting the aggregated load (from 10% to 60% for the short term

aggregated load forecast).

A Kalman-Filtered ANN-based method is developed to forecast the aggregated
load, where the forecast error is within 12 — 15%. The aggregated payback

model can also predict the change in the forecasted load profile with an error

of 4 — 8%.

. Load Control: Despite the variety of the proposed controllers [12, 51, 52, 54,
64, 63], none of them address the calculations of the forecasted reserve capacity
or the impact of control actions on the behaviour of the load. Therefore, a new
methodology is required to implement a load control that models the future
consumption of the load and considers previous control actions to generate

reserve capacity and follow the aggregated set points.

A basic strategy for following the desired aggregated load is presented which
can only produce ramp-down reserve capacity. The model predicts that on a
daily basis, it can produce approximately 30 — 90kW of ramp-down reserve
capacity at different times of a day by controlling a set of 100 DEWHs. This
predication is validated through experimental results. The experimental results
also show that this controller can follow the desired aggregated load within

8 — 15% error.
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This control strategy was modified to be applied on a second pilot with ap-
proximately 200 DEWHs with large communication delay and lack of measure-
ments of DEWH power consumptions. Experimental results show that despite
these limitations, the controller can follow the desired load with approximately

20 — 30% relative error.

Another control strategy, called balanced-reserve, is also formulated to produce
both ramp-up and ramp-down capacities. The model predicts that on a daily
basis, for a set of 100 DEWHs, this control strategy can produce approximately
20 — 60kW and 10 — 30kW for ramp-down and ramp-up reserves, respectively,
which is validated by the experimental results. It was also observed that this

controller can track the desired load within 5 — 40%.

6.2 Future Work

Although this research resulted in deployment of a load controller on a pilot project,
there is still room for improving the process. In addition to that, during this research,
new challenges evolved that require further investigation. Some of these challenges

can be summarized as follow:

1. In order to maintain customers’ comfort, the number of disruptions of a water
heater was limited to 4 interruptions in a 2-hour window, as mentioned in
4.1.2. Deployment of this controller in the pilot caused no complaints from
the customers. This means that for the next implementation, the imposed
limit can be pushed to have more interrupts which may produce more reserve

capacity.

2. The scalability of the presented system depends on the data processing sections,

which are 1) storing metering data of each house, 2) retrieving historical data
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to produce a load forecast (either individual or aggregated). As the number
of participants increases, the complexity of the data storage grows bigger, and

new techniques for handling big data will be required.

. Enhancing the load forecast algorithms: Despite the vast studies on load fore-
cast algorithms and methods, it is still an open problem. The performance of
the load forecast can always be improved either by using better algorithms or

finding better patterns in the historical data.

. Increase the control horizon: Currently, the cost functions of the controller are
just considering one time interval. Increasing the control horizon may enable
the controller to balance its reserve capacity for longer time, which may result

in better load following capabilities.

. Payback effect on the reserve capacity: This research only focused on the im-
pact of the control actions on the forecasted load and how the shape of the
power consumption may change due to various control actions. However, the
control actions also consume the reserve capacities, which will reduce the fore-
casted reserved capacities for the next intervals. Modeling the reserve capacity
based on the control actions can produce better estimation on the strength of

a control strategy.

. Peak shaving algorithm: Although through the load forecast, the peak of the
load can be determined and shaved by setting an appropriate desired aggre-
gated load, it might be useful that the controller itself, without any other set

point could shave the peak of demand and shift it to an off-peak time interval.

. Load extraction: If the on/off state of the controllable load is not available,
then the controller should estimate it from the measurement of the household

energy consumption. This is a challenging task, especially when there are
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other devices with similar pattern of power consumption in the house. For
example, during winter, the power consumption of the baseboard heaters are
similar to the power consumption of the DEWH. This makes it very difficult

to disaggregate household power consumption into various load classes.
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A Source Codes

Al

Calculating the physical parameters

private void threadCalcParam ()

{

ListView . SelectedListViewItemCollection sel =

IstExperiments. SelectedItems;

string expName = sel [0].Subltems[1]. Text;

if (chkManual.Checked = false)

CalcOnOffTimes (expName) ;

else

{

string [] time = txtMinOn.Text.Split (’:7);

if (time.Length != 2) { MessageBox.Show("please enter mm:
ssyforymin(t_on)"); return; }

int min = 0;

if (int.TryParse(time[0], out min) = false) { MessageBox
.Show ("please enter,an integer for min(t_on)_ minutes")
)

return; }

if (int.TryParse(time[l], out min) = false) { MessageBox
.Show ("please enteran, integer for min(t_on) seconds")

return; }
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TimeSpan delta_t = new TimeSpan(0, int.Parse(time[0]),
int.Parse(time[1]));

IstParam.Items [0]. Subltems [1]. Text = delta_t.ToString();

time = txtMaxOff.Text.Split (’:7);
if (time.Length != 3) { MessageBox.Show("please enter hh:
mm:ss._,for._,max(t_off)"); return ; }
if (int.TryParse(time[0], out min) = false) { MessageBox
.Show ("please enter an_ integer for_ max(t_off) hours");
return; }
if (int.TryParse(time[l], out min) = false) { MessageBox
.Show("pleaseenter an integer for max(t_off)
Uuuuuuuuminutes"); return; }
if (int.TryParse(time[2], out min) = false) { MessageBox
.Show ("please enter,an integer for max(t_off)
uuuuuuuuseconds"); return; }
delta_t = new TimeSpan(int.Parse(time[0]), int.Parse(time
[1]), int.Parse(time[2]));

IstParam.Items [1]. Subltems[1]. Text = delta_t.ToString();

CalcCG () ;
btnCalcParam . Enabled = true;

stsProgress . Value = 0;

stsProgress. Visible = false;
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private void CalcOnOffTimes(string expName)

{

SqlConnection objSqlCnt = new SqlConnection(stConnection);
SqlCommand objSqlCmd = new SqlCommand () ;
SqlDataAdapter objSqlDataAdp = new SqlDataAdapter();

DataView objDataView = new DataView () ;

objSqlDataAdp . SelectCommand = new SqlCommand () ;

objSqlDataAdp . SelectCommand . CommandText = "select_ date,
value from Measurements where  experiment=Qexp and

uuuuuuparameter=0param  order by, date";

objSqlDataAdp . SelectCommand . Parameters. AddWithValue("exp" ,
expName) ;

objSqlDataAdp . SelectCommand . Parameters. AddWithValue("param"
. "power") ;

objSqlDataAdp . SelectCommand . CommandType = CommandType. Text ;

objSqlDataAdp . SelectCommand . Connection = objSqlCnt;

DataSet list = new DataSet();

try { objSqlDataAdp. Fill(list , "Power"); }

catch (Exception ee) { MessageBox.Show(ee.Message); return;

}

objDataView = new DataView (list .Tables[0]) ;

ArrayList Ons = new ArrayList();

ArrayList Offs = new ArrayList () ;

156



double power = double.Parse(objDataView [0]["value"].

ToString () ) ;

DateTime start_time = DateTime.Parse(objDataView [0]["date"

|. ToString () ) ;

DateTime first_time = start_time;

DateTime last_time = DateTime.Parse(objDataView|[objDataView

.Count — 1]["date"].ToString());

while (objDataView.Count > 0)

{

objDataView.RowFilter = "value_ <>" + power + "_and_date>"
+ """ 4+ start_time + "’";

if (objDataView.Count = 0) break;

stsProgress.Value = (int) ((((start_time — first_time).
Days * 24 + (start_-time — first_time).Hours) x 60 +

(start_time — first_time).Minutes) % 100.0 / (((last_-time
— first_time).Days * 24 4+ (last_time —

first_time).Hours) % 60 + (last_time — first_time).

Minutes) ) ;

DateTime end_time = DateTime.Parse(objDataView [0]["date"

]. ToString () ) ;

if (power = 0)

Offs.Add(end_time — start_time);
else

Ons.Add(end_time — start_time);
start_time = end_time;

power = double.Parse(objDataView [0]["value"]. ToString());
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TimeSpan min_on = new TimeSpan (10, 0, 0);

TimeSpan max_off = new TimeSpan () ;

for (int 1 = 0; i < Ons.Count; i++) if ((TimeSpan)Ons[i] <
min_on) min_on = (TimeSpan)Ons|i |;
for (int 1 = 0; i < Offs.Count; i++) if ((TimeSpan)Offs][i]

> max_off) max_off = (TimeSpan) Offs[i];

IstParam.Items [0]. Subltems[1]. Text = min_on.ToString () ;

IstParam.Items [1]. Subltems [1]. Text = max_off. ToString () ;

private void CalcCG ()

{

double T_hi = 0;
double T_lo = 0;
double T_out = 0;

double Q = 0;

try { T_hi = double.Parse(txtThi.Text); }
catch { MessageBox.Show("Please inputa,valid number for
T_hi"); return; }

try { T_.lo = double.Parse(txtTlo.Text); }
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catch { MessageBox.Show("Pleaseinputa,valid number fory
T_lo"); return; }

try { T_out = double.Parse(txtTout.Text); }

catch { MessageBox.Show("Pleaseinputa,valid number fory
T_out"); return; }

try { Q = double.Parse (txtQ.Text); }

catch { MessageBox.Show("Please input,a,valid number for Q"

); return; }

try

TimeSpan t_on_min = TimeSpan.Parse (lstParam.Items[0].
Subltems [1]. Text) ;
TimeSpan t_off max = TimeSpan.Parse(lstParam.Items[1].

Subltems [1]. Text) ;

double t_on = (t_on_min.Hours % 60 + t_on_min.Minutes) x
60.0 + t_on_min.Seconds;

double t_off = (t_off max.Hours * 60 + t_off max.Minutes)
* 60.0 + t_off max.Seconds;

double alpha = Math.Pow((T_-hi — T_out) / (T_-lo — T_out),

t_on / t_off);

double G = (Q * (alpha — 1)) / (alpha % (T_-hi — T_out) —
(T.lo — T_out));

double C = (G % t_off) / Math.Log((T-hi — T_out) * 1.0 /
(T lo — T_out));

IstParam.Items [2]. Subltems[1]. Text = C.ToString() ;

IstParam . Items [3]. Subltems [1]. Text = G. ToString() ;
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}

catch (Exception ee) { MessageBox.Show(ee.Message); }

A.2 Estimating Wp in Scenario I

private void ThreadStateObserver ()
{
double c_.p = 4181.8;

double ro = 998.2;

ListView. SelectedListViewltemCollection sel = IstExperiments.

SelectedItems;

DataView Temperature = LoadExpData(sel [0].Subltems[1]. Text, "
Temperature") ;

DataView Power = LoadExpData(sel [0].Subltems|[1].Text, "Power");

double [] T_hat = new double|Temperature.Count];

double [] Wd_hat = new double[Temperature.Count];

DateTime [| time = new DateTime[Temperature.Count |;

time [0] = DateTime.Parse(Temperature [0]["date"]. ToString());
T_hat [0] = double.Parse(Temperature [0]["value"]. ToString());

Wd_hat[0] = 0;

double k = .01;
try { k = double.Parse(txtObsGain.Text); }

catch { }
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int power_counter = 0;

for (int i = 1; i < Temperature.Count; i++)

{
stsProgress.Value = (int)(i % 100 / Temperature.Count) ;
double T = double.Parse(Temperature[i]["value"]. ToString());
time[i] = DateTime.Parse(Temperature[i]["date"]. ToString());
double delta_t = (time[i] — time[i — 1]).Minutes x* 60 + (time

[i] — time[i — 1]).Seconds;

while (DateTime.Parse(Power[power_counter++]["date"]. ToString
()) < time[i]) ;
double Q = double.Parse(Power|[power_counter |["value"].

ToString ()) % 1000;

T_hat[i] = T hat[i — 1] + (-G % T.hat[i — 1] / C+Q / C + (
T.in — T_hat[i — 1]) * ro * c.p * Wdhat[i — 1] / C + G *
Tout / C— 2 % k = (That[i — 1] — T)) = delta_t;

Wd.hat[i] = Wd-hat[i — 1] + (=k * k x C = (T_hat[i — 1] — T)
/ (ro % c.p x (T.in — T hat[i — 1]))) * delta_t;

}

stsProgress . Value = 0;

StoreObserver (T_hat, Wd_hat, time, sel[0].Subltems[1].Text);

btnObserver . Enabled = true;
stsProgress. Visible = false;

stsProgress. Value = 0;
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A.3 Estimating Wp in Scenario II

private void ThreadAveragingMethod ()

{

SqlConnection objSqlCnt = new SqlConnection(stConnection);

SqlCommand objSqlCmd = new SqlCommand () ;

for (int 1 = 0; i < lstExperiments.SelectedItems.Count; i++)

{

0bjSqlCmd = new SqlCommand("delete Average where experiment=
Qexp");

objSqlCmd . Connection = objSqlCnt;

0bjSqlCmd . Parameters . AddWithValue("@exp", lstExperiments.
SelectedItems[i].Subltems|[1]. Text);

try { objSqlCnt.Open(); objSqlCmd.ExecuteNonQuery () ;
objSqlCnt . Close (); }

catch (Exception ee) { MessageBox.Show("Clearing, previous,
Average,for," + IstExperiments. SelectedItems[i].Subltems

[1].Text + "\n" + ee.Message); }

ListView. SelectedListViewItemCollection sel = IstExperiments.

SelectedItems
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DataView Power = LoadExpData(sel[i].Subltems[1].Text, "Power"

) ;

double Q = double.Parse(Power [0]["value"|. ToString());

DateTime start_time = DateTime.Parse(Power[0]["date"].

ToString () ) ;

DateTime first_time = start_time;

DateTime last_time = DateTime.Parse(Power[Power.Count — 1]["

date"]. ToString ());

while (Power.Count > 0)

{

Power. RowFilter = "value_<>" + Q + "_and_date>" + "’" 4
start_time + "’";

if (Power.Count = 0) break;

stsProgress.Value = (int) ((((start_time — first_time).Days
* 24 + (start_time — first_time).Hours) % 60 + (
start_time — first_time).Minutes) x 100.0 / (((last_time
— first_time).Days * 24 + (last_time — first_time).

Hours) % 60 + (last_time — first_time).Minutes));

DateTime end_time = DateTime.Parse(Power [0]["date"].
ToString () ) ;

double delta_-t = (((end_time — start_time).Days * 24 + (
end_time — start_time).Hours) % 60 + (end_time —
start_time).Minutes) * 60 4+ (end_time — start_time).

Seconds;
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if (Q = 0) //Calculate WD for off interval
StoreAveWdT (CalceWD (0, delta_t), start_time, end_time, 0,
T hi);
else //add an On_time
StoreAveWdT (CalcWD (nominal Q, delta_t), start_time

end_time, nominal Q, T_lo);

//move the start_time to the end of this interval
start_time = end_time;
//store DEWH status for next iteration

Q = double.Parse(Power [0]["value"|. ToString());

}

//hide progress bar
stsProgress . Value = 0;
stsProgress. Visible = false;

btnAverage . Enabled = true;

private double CalcWD(double Q, double delta_t)
{

//This function calculates WD assuming that the load of DEWH is

Q (in watt) for delta_t seconds

//if Q==0, means that water heater was off, so the temperatuer
starts from T_hi and ends at T_lo
//if Q>0, means that DEWH was on, so the temperatuer changes

from T_lo to T_hi
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double T_start = (Q = 0) ? T_hi : T_lo;
double T_end = (Q = 0) ? T_lo : T_hi;

double Wdl = —.1 / 60000.0;

double Wd2 60 / 60000.0;

int counter = 0;

while (++counter < 100)

{
double R1 =1 / (ro % c.p = Wdl + G);
double R2 =1 / (ro * c.p * Wd2 + G);

double yl1 = Temperature_function (R1, Q, T_start, delta_t, G,
C, T.out, T.in) — T_end;

double y2 = Temperature_function(R2, Q, T_start, delta_t, G,
C, T.out, T.in) — T_end;

if (yl1 * y2 > 0) return O0;

if (Math.Abs(yl) < .1) return Wdl;

if (Math.Abs(y2) < .1) return Wd2;

double Wd3 = (Wdl + Wd2) / 2;

double R3 =1 / (ro * c_.p x Wd3 + G);

double y3 = Temperature_function (R3, Q, T_start, delta_t, G,
C, T.out, T.in) — T_end;

if (y1 x y3 < 0) Wd2 = Wd3;

else if (y2 % y3 < 0) Wdl = Wd3;

else MessageBox.Show("Coudl not find root");

}

return 0;

165



private double Temperature_function(double R, double Q, double
T_start , double delta_t, double G, double C, double T_out,

double T_in)

{
double result = T_start x Math.Exp(—delta_-t / (R * C)) + (G * R
x T_out + (1 — G % R) x T_.in + Q * R) * (1 — Math.Exp(—
delta_t / (R x C)));
return result;
}

A.4 Estimating W) on the pilot

private void thread_clacWD_ave ()

{

DateTime start_time = new DateTime(StartCalendar.Value.Year
, StartCalendar . Value.Month, StartCalendar.Value.Day);
DateTime end_-time = new DateTime(EndCalendar. Value. Year,

EndCalendar. Value.Month, EndCalendar. Value.Day) ;
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DateTime start = start_time;

{

DateTime end = end_time;

LoadHouseList () ;

int houselD = int.Parse(cmbHouse. SelectedItem . ToString())

?

stsProgress.Value = (houseID % 100 / iMaxHouse);
LoadData (houseID, start , end):;

if (objSqlDataView.Count = 0) return;

double PO = double.Parse(objSqlDateViewHouselist |

houseID |["PO" ]. ToString()) * 1000;

double Q = double.Parse(objSqlDataView [0]["WPC"].
ToString () ) ;

DateTime dt = DateTime.Parse(objSqlDataView [0]["
DateTime" |. ToString () );

double Q_bar = (Q < .1) ? 0.25 : 0;

int on_time = 0;

int off_time = 0;

string strStart = "’>" + dt.Year + "-" 4+ dt.Month + "-"
+ dt.Day + "u" 4+ dt.Hour + ":" 4 dt.Minute + "’";
objSqlDataView . RowFilter = "DateTime, > " + strStart + "

pand WPC=" 4+ Q_bar;
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while (objSqlDataView.Count > 0)
{
DateTime new_dt = DateTime.Parse(objSqlDataView [0]["
DateTime"]. ToString () );
IblStatus.Text = "Analyzing, until," + new_dt;
TimeSpan delta_t = new_dt — dt;
double Wd = 0;
if (Q> 0.1)
{
on_time = ((delta_t.Days x 24 + delta_t.Hours) x 60
+ delta_t.Minutes) * 60;

Wd = FindWd_ave(houseID, T_lo, T_hi, PO, on_time);

else

off time = Math.Min(500 % 60, ((delta_t.Days x 24 +

delta_t.Hours) x 60 + delta_t.Minutes) * 60);

Wd = FindWd_ave (houseID, T_hi, T_lo, PO, off_time);

string strEnd = "’>" + new_dt.Year + "-" + new._dt.
Month + "-" 4+ new_dt.Day + "," + new_dt.Hour + ":"
4+ new_dt.Minute + "’";
objSqlDataView.RowFilter = "DateTime_ >=_," 4+ strStart
+ "_and_ DateTime<" + strEnd;
for (int counter = 0; counter < objSqlDataView.Count;
counter++) objSqlDataView [counter |["WD"] = Wd x

60000;
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dt = new_dt;
Q = double.Parse(objSqlDataView [0]["WPC" |. ToString())

Qbar = (Q< .1) ? 0.25 : 0;

strStart = "’°" 4+ dt.Year + "-" 4+ dt.Month + "-" 4+ dt.
Day + "u" + dt.Hour 4+ ":" 4 dt.Minute + "’";
objSqlDataView . RowFilter = "DateTime, > " + strStart +

" and WPC=" + Q_bar;

SqlCommandBuilder objCommandBuilder = new

SqlCommandBuilder (objSqlDataAdp) ;

objSqlDataAdp . FillSchema (selectedData , SchemaType.

Mapped ) ;

objSqlDataAdp . Update(selectedData , "Meter" + houselD);

}

stsProgress . Value = 0;

stsProgress. Visible = false;

private double FindWd_ave(int houseID, double T_start, double

T_end, double Q, double delta_t)

double Wdl

—20 / 60000.0;
double Wd2

20 / 60000.0;
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double G = double.Parse(objSqlDateViewHouselist [houseID |["G
"].ToString());
double C = double.Parse(objSqlDateViewHouselist [houseID ]["C

"].ToString());

int counter = 0;

while (++counter < 100)

{
double R1 =1 / (ro * c_p * Wdl + G);
double R2 =1 / (ro * c_p * Wd2 + G);

double yl1 = function(R1, Q, T_start, T_end, delta_t, C, G

)
double y2 = function(R2, Q, T_start, T_end, delta_t, C, G

)
if (yl * y2 > 0) return 0;
if (Math.Abs(yl) < .1) return Wdl;
if (Math.Abs(y2) < .1) return Wd2;
double Wd3 = (Wdl + Wd2) / 2;
double R3 =1 / (ro * ¢c.p x Wd3 + G);
double y3 = function(R3, Q, T_start, T_end, delta_t, C, G
)
if (yl = y3 < 0) Wd2 = Wd3;
else if (y2 % y3 < 0) Wdl = Wd3;
else MessageBox.Show("Coudl not,find,root");

}

return 0;
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private double function (double R, double Q, double T_start,

double T_end, double delta_t , double C, double G)

double result = T_start x Math.Exp(—delta_t / (R = C)) + (G

* R % Toout + (1 — G * R) % T.in + Q * R) * (1 — Math.

Exp(—delta_-t / (R % C))) — T_end;

return result;

A.5 Statistic-Based Load Forecast

private void ThreadTrain ()
{
ons = new ArrayList();
offs = new ArrayList();
DateTime start = new DateTime(startCalendar.Value.Year,
startCalendar . Value.Month, startCalendar.Value.Day);
DateTime end = new DateTime(endCalendar. Value. Year,
endCalendar. Value.Month, endCalendar. Value.Day) ;
if (end <= start) end = start.AddDays(1);

int total_minutes = ((end — start).Days % 24 + (end — start).

Hours) % 60 + (end — start).Minutes;
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int houselD = —1;
try { houselD = int.Parse(cmbHouse. SelectedItem . ToString());

}

catch { return; }

SqlCommand o0bjSqlCmd = new SqlCommand () ;

SqlDataAdapter objSqlDataAdp = new SqlDataAdapter();

objSqlDataAdp . SelectCommand = new SqlCommand () ;

objSqlDataAdp . SelectCommand . CommandText = "selecty rxTime, .
cum_DEWH_ ,from_ house" + houselD + " where_ rxTime>=0@start,
and  rxTime<@end order by, rxTime";

objSqlDataAdp . SelectCommand . Parameters. AddWithValue("@start",

start);

objSqlDataAdp . SelectCommand . Parameters .. AddWithValue("@end"
end) ;

objSqlDataAdp . SelectCommand . CommandType = CommandType. Text ;

objSqlDataAdp . SelectCommand . Connection = objSqlCnt;

DataSet history = new DataSet();

try { objSqlDataAdp.Fill (history, "House" + houselD); }

catch (Exception ee) { }

if (history.Tables.Count = 0) return;

DataView dvHistory = new DataView(history.Tables|[0]) ;

int total_ons = 0;

int total_offs = 0;
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int previous_delta = 0;

while (dvHistory.Count > 0)

{

int state = double.Parse(dvHistory [0]["cum_dewh"]. ToString
())>071: 0;

DateTime elapsed = DateTime.Parse(dvHistory [0]["rxTime"].
ToString () ) ;

int elapsed_-minute = ((elapsed — start).Days x 24 + (
elapsed — start).Hours) * 60 + (elapsed — start).Minutes
stsProgress.Value = (int)(elapsed_minute * 100 /

total_minutes);

string filter = "";

if (state = 0)

filter = "cum_DEWH>Opand_ rxTime>’" + elapsed + "’";
else
filter = "cum_DEWH=0_and_ rxTime>’" + elapsed + "’";

dvHistory . RowFilter = filter ;
if (dvHistory.Count > 0)
{
DateTime now = DateTime.Parse(dvHistory [0]["rxTime"|].
ToString () ) ;
int delta_t = ((now — elapsed).Days % 24 + (now — elapsed
) .Hours) % 60 + (now — elapsed).Minutes;
if (state = 0)

{
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offs = InsertInterval (offs, delta_t);
total_offs += 1;

ons = UpdateNextInterval(ons, delta_t, previous_delta);

else

ons = InsertInterval (ons, delta_t);
total_ons 4= 1;
offs = UpdateNextInterval (offs, delta_t, previous_delta
)
}

previous_delta = delta_t;

for (int i = 0; i < ons.Count; i++) { duration d = (duration)
ons[i]; d.probability = d.count % 100.0 / total_ons; ons.
RemoveAt(i); ons.Insert (i, d); }

for (int i = 0; i < offs.Count; i++) { duration d = (duration
)offs[i]; d.probability = d.count % 100.0 / total_offs;

offs .RemoveAt(i); offs.Insert(i, d); }

DrawOnOffPDF () ;
stsProgress. Value = 0;
StorePDF () ;

stsProgress. Visible = false;

btnTrain.Text = "Training";

174



private ArrayList InsertInterval (ArrayList a, int interval)

{

ArrayListCompare ¢ = new ArrayListCompare () ;

duration d = new duration () ;

for (int i = 0; i < a.Count; i++)

{

d = (duration)ali];
if (d.minutes = interval)
{ d.count += 1; a.RemoveAt(i); a.Add(d); a.Sort(c); return

a; }

.minutes = interval;

.count = 1;

.next_interval = new ArrayList();
LAdd(d) ;

.Sort (¢);

return a;

private ArrayList UpdateNextInterval (ArrayList a, int

next_interval , int current_interval)

for (int 1 = 0; i < a.Count; i++)

{

duration d = (duration)ali];
if (d.minutes = current_interval)

{
if (d.next_interval = null || d.next_interval.Count =

0) d.next_interval = new ArrayList();
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d.next_interval = InsertInterval(d.next_interval
next_interval);

a.RemoveAt (1) ;

a.Insert (i, d);

return a;

return a;

private void StorePDF ()

{

if (ons.Count = 0) return;

int houselD = int.Parse(cmbHouse. SelectedItem . ToString());

if (!System.IO.Directory.GetDirectories(System.IO.Directory .
GetCurrentDirectory () ). Contains ("PDF")) System.IO.
Directory.CreateDirectory ("PDF") ;

System .10 . File . WriteAllText ("PDF/house" + houselD + "_On.txt"
, "duraion,\tynumber \t,probability,;,\tynext_0ff ,duration
u\tynumber \r\n");

for (int 1 = 0; i < ons.Count; i++)

{

stsProgress.Value = (int)(i * 100.0 / ons.Count);
duration d = (duration)ons[i];

string next = "";

for (int j = 0; j < d.next_interval.Count; j++)

{

duration next-d = (duration)d.next_interval[j];

7
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next = next 4+ "\t" + next_.d.minutes 4+ "\t" + next_d.count

}

System .10 . File . AppendAllText ("PDF/house" 4+ houselD + "_0On.
txt", d.minutes + "\t" 4+ d.count 4+ "\t" + d.probability

+ next + "\r\n");

System .10 . File . WriteAllText ("PDF/house" 4+ houselD + "_0ff.txt
", "duraion,\tynumber \t_probability,;, \t next_0On,duration
u\tynumber \r\n");

for (int i = 0; i < offs.Count; i++)

{

stsProgress.Value = (int)(i % 100.0 / offs.Count);
duration d = (duration)offs[i];
string next = "";
for (int j = 0; j < d.next_interval.Count; j++)
{
duration next_-d = (duration)d.next_interval[j];

next = next + "\t" + next_.d.minutes + "\t" + next_d.count

}

System .10 . File . AppendAllText ("PDF/house" + houselD + "_0ff.
txt", d.minutes + "\t" 4+ d.count 4+ "\t" + d.probability

+ next + "\r\n");

}

private void ThreadSingleForecast ()

{
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btnSingleForecast . Text = "Stop";
int houselD = —1;

try { houseIlD = int.Parse(cmbHouse. SelectedItem . ToString());

}

catch

{
btnSingleForecast.Text = "Single FLC";
stsProgress . Value = 0;
stsProgress. Visible = false; return;

allHouses . RowFilter = "HouseID=" 4 houselD;
if (allHouses.Count = 0 || allHouses [0]["Nominal"]. ToString
() .Length = 0 || double.Parse(allHouses [0]["Nominal"].

ToString ()) < 2)

btnSingleForecast.Text = "Single FLC";
stsProgress . Value = 0;
stsProgress. Visible = false;

allHouses . RowFilter = "";
return ;
}
allHouses . RowFilter = "";
DateTime start = new DateTime(startCalendar.Value.Year,
startCalendar . Value.Month, startCalendar.Value.Day);
DateTime end = new DateTime(endCalendar. Value. Year,
endCalendar . Value.Month, endCalendar. Value.Day) ;

if (end <= start) end = start.AddDays(1);
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int total_minutes = ((end — start).Days * 24 + (end — start).

Hours) % 60 + (end — start).Minutes;

//creat FLC every 5 minutes from start to end
for (DateTime dt = start; dt < end; dt = dt.AddMinutes(5))

{

Forecast (houselD, dt);

//update the progress bar

int elapsed_minute = ((dt — start).Days *x 24 + (dt — start)
.Hours) % 60 + (dt — start).Minutes;

stsProgress.Value = (int)(elapsed_minute * 100 /

total_minutes);

}//end of date loop

btnSingleForecast.Text = "Single FLC";
stsProgress . Value = 0;
stsProgress. Visible = false;

private void Forecast(int houselD, DateTime dt)

{

//houseID changes from 1..iMaxHouse

//load the current status and the duration it was in this

state and the duration of the previous status
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}

double Q = GetQ(houselD, dt);
int state = (Q> 0) 7 1 : 0;

int state_bar = (Q > 0) 7 0 : 1;

//Get the time when the DEWH changed state

DateTime last = GetLastStateChange (houselD, Q, dt);

if (last > DateTime.Now) return;

int alpha_0 = ((dt — last).Days *x 24 + (dt — last).Hours)

60 + (dt — last).Minutes;

//now determine previous s_bar interval

DateTime pre_last = GetLastStateChange (houselD, state_bar ,
last);

int gamma = ((last — pre_last).Days x 24 + (last — pre_last).

Hours) % 60 + (last — pre_last).Minutes;

//Now calculate the expected value of staying in this state
int t = CalcEstimatedTime (houseID, alpha_0, gamma, Q);

//int t = CalcEstimatedTime (houseID , alpha_0, Q);

//Create the forecast string

GenerateStoreForecastString (houselD, dt, (Q > 0) ? 1 : 0, t);

private int CalcEstimatedTime (int houselD, int alpha_0, double

Q)

if (all_ons[houselD — 1] = null) return O0;
double t_hat = 0;

int n0 = 0;
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if (Q> 0) //DEWH is on for alpha_0 minutes
{
//get the number of incidents at which t_s >= alpha_0
for (int 1 = 0; i < all_ons[houselD — 1].Count; i++) {
duration d = (duration)all_ons[houseID — 1][i]; if (d.

minutes >= alpha_0) n0 4= d.count; }

for (int 1 = 0; i < all_ons[houselD — 1].Count; i++)
{ duration d = (duration)all_ons[houselD — 1][i]; if (d.
minutes >= alpha_0) t_hat += d.minutes * d.count x 1.0 /

n0; }

else // DEWH is off for alpha_ 0 minutes

//get the number of incidents at which t_s >= alpha_0
for (int 1 = 0; i < all_off[houselD — 1].Count; i++) {
duration d = (duration)all_off [houseID — 1][i]; if (d.

minutes >= alpha_0) n0 += d.count; }

for (int 1 = 0; i < all_off[houselD — 1].Count; i++)
{ duration d = (duration)all_off[houseID — 1][i]; if (d.
minutes >= alpha_0) t_hat += d.minutes * d.count %= 1.0 /

n0; }

//remaining time at this state
int est = (int)t_hat — alpha_0;

return est;
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A.6 ANN-Based Aggregated Load Forecast

function

forecast_water_heater_power=Neural _Network_forecast_algorithm (
future_forecast_horizon ,start_forecast ,Input, Target,
actual_Input , household_Id_final ,...

store_.FLC_in_database)

%% p is the input for neuron network; t is the target for the
neuron network %%
%% NE: number of epochs = 40 (number of epochs is imposed only
when the training stage with validate data doesn t converge)
%% NHL: number of hidden layers =2
%% NN: number of neurons for both first hidden layer and second
hidden layer = 100
%% NI: number of inputs = past forecast horizon
%% NO: number of outputs= future forecast horizon
%% Transfer function for the first hidden layer: tangent function
tansig
%% Transfer function for the second hidden layer: tangent
function tansig
%% Transfer function for the output layer: linear function
purelin
%% Network training function that updates weight and bias values:
scaled conjugate gradient method trainscg ; Note that
Levenberg—Marquardt cannot be used her because it requires a

large computing time and a large memory.

%% check if there is a missing data
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no_data=0;
m=0;
for i=1:1:size(actual_Input ,1)
if isnan(actual_Input(i,l))
m=m+1;
if m>5
no_data=1;
break
end
end

end

%% neural network

if (isempty(household_Id_final)==0) && (no_data==0)
p=Input (:,1:end);
t=Target (: ,1:end);
net=feedforwardnet (100, "trainscg ');
net .numLayers=3;
net .numInputs=1;
net.biasConnect =[1;1;1];
net .inputConnect =[1;0;0];
net.layerConnect=[0 0 0;1 0 0;0 1 0];
net.outputConnect=[0 0 1];
net.layers{2}.dimensions=100;
net.layers{1l}.transferFcn="tansig’;

net.layers{2}.transferFcn="tansig ’;
net.layers {3}.transferFcn="purelin’;
net.layers {2}.name="Hidden ;

net.layers {3}.name="output ’;
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net .

net .

net .

net .

net .

net

trainParam . epochs=100;

divideParam .trainRatio=0.85;

divideParam .valRatio=0.15;

divideParam . testRatio=0;

trainParam .showWindow = false;

.inputs{1}.processFcns={ fixunknowns’ ', removeconstantrows’

, 'mapminmax ’ };

[net tr|=train (net,p,t);

if tr.best_vperf==

clear net tr

net=feedforwardnet (100, "trainscg ') ;

net .numLayers=3;

net .numlInputs=1;

net . biasConnect =[1;1;1];

net.inputConnect =[1;0;0];

net.layerConnect=[0 0 0;1 0 0;0 1 0];

net.outputConnect=[0 0 1];

net.layers{2}.dimensions=100;

net.layers{1}.transferFcn="tansig’;

net.layers{2}.transferFcn="tansig ’;

net.layers{3}.transferFcn="purelin’;

net.layers {2}.name="Hidden ’;

net.layers{3}.name="output ’;

net .trainParam . epochs=40;

net.divideFcn="";

net.trainParam .showWindow = false;

net.inputs{1}.processFcens={"fixunknowns’,’
removeconstantrows ’, 'mapminmax’ };

[net tr]=train(net,p,t);
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end
forecast_water_heater_power=net (actual_Input);
else
if store_.FLC_in_database==
for i=1:1:(future_forecast_horizon—start_forecast)

forecast_water_heater_power (i,1)=NaN;

end
else
for i=1:1:5
forecast_water_heater_power (i,1)=NaN;
end

end

end

ANN = forecast_water_heater_power;
Y%Run the Kalman

9Now use the Kalman Filter to estimate the error of the j“th

forecast
Q = le—6;
R=.1;
M= 1;
e = 1;
FLC = ANN;
for ahead = 1:horizon

for k=l4+ahead:length(t)

%Update the previous error estimation
z = measurement (k)—ANN(k—ahead , ahead);
G = M/(MHR) ;

e = e + Gx(z—e);
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M = (1-G)=*M;

%estimate for current
% e = e;

M=M+ Q;

Y%Now create a new forecast
FLC(k,ahead) = History (k+ahead )+e;
end

end

private void ConvertCtrl2Unctrl(DateTime start , double P_c)
{

//Whenever a PSU-power is created, this function is called to
create another PSU that if no control action was executed,
how PSU should be

//Todo so, load the command history and use the reverse payback
model to convert controlled load profile to uncontrolled

load profile

//The number of houses in each group as listed in the report on
30 Aug. 2014

int [] members = { 24, 27, 26, 22, 18, 19, 17, 17, 17, 19 };

double P.u = P_c;//the estimated uncontrolled power

double impact = 0; //the impact of each control action in the

past will be acumulated

DataView dvCommands = GetLem(start . AddHours(—1));

//now calculate the impact of each command on this interval
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for (int i = 0; i < dvCommands.Count; i++)
{
//get the number of houses in that group
string grpName = dvCommands[i]|["groupname"|. ToString() ;
//grpNo will change the number from the database into the
index number
int grpNo = int.Parse(grpName[grpName.Length — 1].ToString())

//now find the time difference between command time and
payback time

int difference = 0;

DateTime command_time = DateTime.Parse (dvCommands|[i]["start"

]. ToString () ) ;

if (start — command_time > new TimeSpan(0, 45, 0)) difference
= 2;

else if (start — command_time > new TimeSpan(0, 30, 0))
difference = 1;

else difference = 0;

int index_in_day = start.Hour *x 4 + start.Minute;

impact = impact + (payback_common_sets[index_in_day ,
difference] — payback_common_sets[index_in_day , difference

+ 1]) * (members|[grpNo] / 200);

}

Pu=P.c / (1 + impact);

//now update this value in the table
SqlConnection 0objSqlCnt = new SqlConnection(connectionString);

SqlCommand o0bjSqlCmd = new SqlCommand () ;
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0bjSqlCmd = new SqlCommand("update PSU set unCtrlValue=@val
where starttime=@start and type=’power’");

objSqlCmd . Connection = objSqlCnt;

0bjSqlCmd . Parameters. AddWithValue("@start", start);

0bjSqlCmd . Parameters . AddWithValue("@val", P_u);

try { objSqlCnt.Open(); }

catch { }

try { objSqlCmd.ExecuteNonQuery(); }

catch (Exception ee) { MessageBox.Show(ee.Message); }

try { objSqlCnt.Close(); }

catch { }

A.7 Load Control

private void thread_control ()

{

SqlConnection 0objSqlCnt = new SqlConnection(connectionString);
SqlCommand objSqlCmd = new SqlCommand () ;

SqlDataAdapter objSqlDataAdp = new SqlDataAdapter();

DateTime dt = new DateTime(DateTime.Now.year , DateTime.Now.
Month, DateTime.Now.Day,

DateTime.Now.Hour, DateTime.Now.Minute, 0);

index_counter 4= 1;
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//load GDI

DataView gdi = LoadGDI(dt, dt.AddMinutes(16));

if (gdi.Count = 0) continue;

double target_power = 1000 % double.Parse(gdi[0]["targetValue

"].ToString () );

//load forecasted power
DataView flc = LoadFLC(dt, dt.AddMinutes(16));
double forecasted_power = 4000 % double.Parse(flc [0]["value_c

"]. ToString () ) ;

//determine R.D and R_u

CalcReserveSet (dt) ;

//if the difference is not more than one DEWH, ignore this
command and continue

if (Math.Abs(forecasted_power — target_power) >= 3)

{

//Select which houses should turn off and on

double error = forecasted_power — target_power;

int number_of_loads = (int)(Math.Abs(error) / 3);

if (error > 0) //should turn off some heaters

{

for (int i = 0; i < Math.Min(ramp_down.Count,

number_of_loads); i++)
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//turn off this house

ShedHouse ((int )ramp_-down[i], dt);

}

else //should turn back on something

{

//we don’t need to unshed, becasue they automatically

turn on

}
//update PSU

UpdateControlledPSU (dt) ;

btnSimFollowLoad . Text = "Load Following";
IblStatus.Text = "Idle";

stsProgress. Value = 0;

stsProgress. Visible = false;
//1blStatus.Text = 7 Idle”;

private void CalcReserveSet(DateTime start_interval)

{

ramp-up = new ArrayList();

ramp_down = new ArrayList();
string up_list = "";
string down_list = "";
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for (int i = 1; i < iMaxHouse; i++)

{

if (excluded.Contains(i)) continue;

if (LoadDEWHState(i, start_interval))

if (ControlledDuration (i, start_interval) <
max_allowed_control)
{ ramp_down.Add(i); down_list = down_list + i + ", "; }

if (CurrentlyControlled(i, start_interval))

{ ramp_up.Add(i); up_list = up_list + i + ", "; }

SqlConnection objSqlCnt = new SqlConnection(connectionString);

SqlCommand objSqlCmd = new SqlCommand () ;

0bjSqlCmd = new SqlCommand("insert into ReserveSet (time,
reserve_up, list_up, reserve_down, list_down) VALUES(@date,
Qup, @lstup, @down, @lstdown)");

objSqlCmd . Connection = 0bjSqlCnt ;

0bjSqlCmd . Parameters . AddWithValue("@date", start_interval.
ToString () ) ;

0bjSqlCmd . Parameters . AddWithValue("@up", ramp_up.Count * 3);
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0bjSqlCmd . Parameters. AddWithValue("@lstup", up-list);

0bjSqlCmd . Parameters . AddWithValue("@down" , ramp_down.Count * 3)

0bjSqlCmd . Parameters . AddWithValue("@lstdown", down_list);

try { objSqlCnt.Open(); objSqlCmd.ExecuteNonQuery(); objSqlCnt.
Close (); }

catch (Exception ee) { MessageBox.Show(ee.Message); }

private void LoadFollowingControl (DateTime start)
//This function should be called 2 minutes before each 15
minutes sharp due to LCM communication delay
//it will compare the GDI with the forecasted load, then decide

how many houses must be turned off for the next 15 minutes

//at each action time, the R_u group will be turned back on for
the next time interval
//so the power consumption will be flc+R_u, this value should

be compared with the GDI to select houses to be off

//get the GDI for the next interval
DataView dvGDI = GetGDI(start , start.AddMinutes(15));
if (dvGDI.Count = 0) return;

double gdi = double.Parse(dvGDI[0]["targetvalue"]. ToString());

//get the forecast for the next interval

DataView dvFLC = GetMostRecentFLC (start);
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double flc = double.Parse(dvFLC[0]["forecastedload"|. ToString()
)5

int group_number = —1;

DataView dvDummyPSU = GetMostRecentDummyPSU (start ) ;

double dummyPSU = double. Parse (dvDummyPSU[0]["value"]. ToString
0);

int total_included_house = dvDummyPSU[0]["houselist"]. ToString

().Split (’,’).Length — 1;

double error = fle¢ — gdi;

if (Math.Abs(error) < 0.015) //if errvor is less than 15 Kw, do
nothing

return;

if (gdi > flc) //turn on some groups if possible

{

//We are not implementing this part for now
//only the GDIs less than the forecasted load will be
followed
else //turn off another group

{

int required_house = (int)(total_included_house % error / flc

) ;

//select some groups to turn off the required number of

houses
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group_-number = GetGoodGroups(required_house , start);

string [] shed_list = { "PSA Group" + group_number };

ShedLoad (shed _list ) ;

// Now turn on groups that were turned off in the previous
action
if (R.u.Count > 0)
{
ArrayList houselDs = new ArrayList();
int group_counter = 0;
for (int 1 = 0; i < R.u.Count; i++)
{
int number = (int)R_uf[i] + 1; //because index starts from 0
but group names start from 1
if (group_-number = number) continue;
houselDs.Add("PSA Group" + number) ;
}
R_u.Clear () ;
string [] hIDs = new string [houseIDs.Count |;
for (int 1 = 0; i < houselDs.Count; i++) hIDs[i] = (string)
houselIDs [ i ];

UnshedLoad (hIDs) ;
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private bool IsSelectable(int group_-number, DateTime start)

{

string group = "PSA Group" + (group_number + 1);
SqlConnection objSqlCnt = new SqlConnection(connectionString);
SqlCommand objSqlCmd = new SqlCommand () ;

SqlDataAdapter objSqlDataAdp = new SqlDataAdapter();

objSqlDataAdp . SelectCommand = new SqlCommand () ;
objSqlDataAdp . SelectCommand . CommandText = "select cmd, start,
GroupName from lcm_commands where cmd=’Shed’ and start>=Qst
and start<=Qend";
objSqlDataAdp . SelectCommand . Parameters. AddWithValue("@st",
start . AddHours(—2)) ;
objSqlDataAdp . SelectCommand . Parameters. AddWithValue("@end" ,

start);

objSqlDataAdp . SelectCommand . CommandType = CommandType. Text ;
objSqlDataAdp . SelectCommand . Connection = objSqlCnt;
DataSet dsHouseList = new DataSet () ;
try { objSqlDataAdp.Fill (dsHouseList, "lcms"); }
catch (Exception ee) { return false; }
if (dsHouseList.Tables.Count = 0 || dsHouseList.Tables[0].Rows
.Count <= 4)
return true;

return false;
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private int GetGoodGroups(int required_number , DateTime

action_start)

//return group ranges from 1..10

int houselds = —1;

//check which n_group is close to the required_number among
those which are not in R_u
int [] distance = new int[n_groups.Length];
int min = 1000;
int min_index = —1;
for (int 1 = 0; i < distance.Length; i++)
{
if (!IsSelectable(i, action_start)) continue; //if 1t was not
turned off more than 1 hours in the past two hours
if (!R.u.Contains(i)) distance[i] = Math.Abs(required_number
~ n_groups[i]);
else distance[i] = 1000;

if (distance[i] < min) { min = distance[i]; min_index = i; }

houselds = (min_index + 1);
R_u.Add(min_index) ;

return houselds;
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B Forecast Evaluation

The two forecasting methods were applied in a pilot containing approximately 100
electric water heaters. Every 5 minutes, each algorithm creates a load forecast for
each individual load for the next 4 hours in 5 minutes intervals. So each forecast con-
tains 48 samples. The forecasted profiles are analyzed and the results are illustrated

in the following sections.

B.1 Single Load Forecast Evaluation

Table B.1: Average performance of the forecasting meth-

ods for single load.

Statistic-Based ANN-Based
index | Sr(j) | E{8} =n | E{(3)?} =+* | Sr(j) | E{8} =n | B{(5)’} =+?
1 0.97 0.02 0.03 0.78 0.19 0.21
2 0.93 0.04 0.06 0.78 0.19 0.22
3 0.9 0.08 0.1 0.77 0.2 0.22
4 0.9 0.08 0.1 0.76 0.2 0.21
5 0.88 0.09 0.1 0.76 0.2 0.22
6 0.84 0.12 0.12 0.76 0.21 0.24
7 0.82 0.16 0.19 0.75 0.22 0.24
8 0.8 0.18 0.2 0.76 0.22 0.24
9 0.8 0.21 0.22 0.75 0.21 0.24
10 0.78 0.19 0.23 0.74 0.22 0.24
11 0.78 0.2 0.22 0.74 0.25 0.25
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12 0.76 0.21 0.22 0.75 0.23 0.25
13 0.75 0.23 0.25 0.76 0.24 0.25
14 0.77 0.22 0.24 0.75 0.24 0.25
15 0.76 0.24 0.21 0.75 0.24 0.25
16 0.74 0.25 0.21 0.74 0.22 0.24
17 0.75 0.22 0.21 0.73 0.25 0.25
18 0.71 0.25 0.21 0.72 0.26 0.25
19 0.73 0.26 0.22 0.71 0.26 0.28
20 0.75 0.24 0.22 0.68 0.28 0.3
21 0.72 0.26 0.23 0.69 0.28 0.3
22 0.74 0.26 0.23 0.68 0.29 0.3
23 0.71 0.28 0.24 0.68 0.28 0.3
24 0.7 0.28 0.23 0.67 0.28 0.3
25 0.68 0.29 0.24 0.68 0.28 0.3
26 0.64 0.31 0.24 0.69 0.3 0.3
27 0.63 0.34 0.27 0.68 0.3 0.3
28 0.65 0.34 0.28 0.68 0.3 0.31
29 0.67 0.35 0.28 0.68 0.31 0.33
30 0.63 0.36 0.28 0.69 0.31 0.33
31 0.63 0.36 0.28 0.7 0.3 0.33
32 0.61 0.39 0.3 0.69 0.3 0.33
33 0.63 0.37 0.3 0.68 0.3 0.33
34 0.6 0.38 0.31 0.67 0.31 0.33
35 0.61 0.36 0.31 0.68 0.3 0.33
36 0.62 0.36 0.31 0.67 0.31 0.32
37 0.61 0.39 0.32 0.68 0.3 0.32
38 0.59 0.4 0.32 0.66 0.32 0.33
39 0.62 0.38 0.31 0.66 0.31 0.33
40 0.58 0.39 0.31 0.67 0.31 0.32
41 0.59 0.4 0.32 0.67 0.32 0.33
42 0.61 0.38 0.31 0.66 0.32 0.33
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43 0.6 0.39 0.31 0.67 0.33 0.33
44 0.59 0.39 0.31 0.68 0.32 0.33
45 0.59 0.4 0.32 0.69 0.31 0.33
46 0.57 0.41 0.31 0.68 0.3 0.33
47 0.58 0.41 0.31 0.68 0.3 0.33
48 0.57 0.41 0.32 0.67 0.3 0.33

B.2 Sets of ON Loads

The aggregated payback model presented in Section 3.4.3 depends on the average

number of the loads that consumes power over consecutive time intervals.

Through direct measurements of the load power consumption of approximately
100 electric water heaters, the number of on loads at each time interval was measured
(named n(Ap)). Then, the number of the loads that remained on during the next
interval was measured (named n(Ag, A;)), and so on for the next 5 time intervals.

The results are listed in Table B.2.

Table B.2: Average number of the loads that remains on

during consecutive time intervals

time interval | n(A0) | n(A0,A1) | n(AO,..,A2) | n(A0,..,A3) | n(AO0,..,A4) | n(AO0,..,A5)
00:00-00:15 | 12.52 5.64 1.80 1.28 1.08 0.92
00:15-00:30 | 11.60 5.08 1.60 1.20 0.96 0.88
00:30-00:45 | 12.28 4.72 1.56 1.16 1.00 0.92
00:45-01:00 9.88 4.08 1.36 1.12 1.00 0.92
01:00-01:15 9.00 3.60 1.32 1.16 1.08 0.92
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01:15-01:30 8.96 3.76 1.24 1.16 0.96 0.80
01:30-01:45 9.64 3.76 1.24 1.00 0.84 0.76
01:45-02:00 8.52 3.64 1.08 0.92 0.84 0.76
02:00-02:15 8.72 3.48 1.04 0.96 0.84 0.68
02:15-02:30 8.80 3.56 1.12 0.96 0.76 0.60
02:30-02:45 8.72 3.80 1.08 0.88 0.68 0.56
02:45-03:00 8.32 3.16 0.88 0.68 0.56 0.48
03:00-03:15 8.52 3.68 0.88 0.68 0.56 0.48
03:15-03:30 8.08 2.76 0.88 0.72 0.56 0.56
03:30-03:45 7.92 3.24 0.88 0.68 0.68 0.60
03:45-04:00 7.72 3.20 0.84 0.76 0.68 0.68
04:00-04:15 8.64 3.60 1.12 0.80 0.76 0.64
04:15-04:30 8.40 3.48 1.04 1.00 0.76 0.64
04:30-04:45 8.28 3.32 1.08 0.84 0.68 0.64
04:45-05:00 7.64 3.44 1.12 0.92 0.84 0.80
05:00-05:15 7.76 3.00 1.24 1.08 0.96 0.80
05:15-05:30 8.48 4.64 1.76 1.52 1.20 1.08
05:30-05:45 | 11.08 5.88 3.48 2.76 2.56 2.12
05:45-06:00 | 13.04 7.84 5.08 4.36 3.40 2.60
06:00-06:15 | 15.80 10.76 7.52 5.96 4.68 3.68
06:15-06:30 | 18.96 13.40 8.88 6.64 5.16 4.24
06:30-06:45 | 23.24 16.60 11.20 8.68 7.20 6.32
06:45-07:00 | 25.44 17.56 11.92 9.72 8.48 7.12
07:00-07:15 | 26.08 18.40 13.44 11.56 9.44 6.88
07:15-07:30 | 27.32 19.64 14.44 11.56 8.20 5.92
07:30-07:45 | 29.04 20.56 14.44 10.00 7.04 5.28
07:45-08:00 | 30.00 21.08 13.28 9.32 6.92 5.52
08:00-08:15 | 31.56 21.40 12.96 9.16 7.32 5.84
08:15-08:30 | 31.48 19.96 12.16 9.28 6.92 5.32
08:30-08:45 | 29.36 18.64 11.68 8.68 6.56 5.20
08:45-09:00 | 27.88 17.84 11.72 8.68 6.64 4.80
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09:00-09:15 | 27.76 18.36 11.68 8.84 6.36 4.76
09:15-09:30 | 27.36 17.80 11.24 8.20 6.16 5.16
09:30-09:45 | 26.20 17.00 10.84 8.04 6.48 5.16
09:45-10:00 | 26.32 16.96 10.80 8.32 6.36 4.88
10:00-10:15 | 25.92 16.36 9.96 7.40 5.48 4.20
10:15-10:30 | 24.52 14.72 9.24 6.68 5.04 3.92
10:30-10:45 | 24.24 15.92 9.08 6.88 5.28 4.08
10:45-11:00 | 24.60 14.56 8.76 6.68 4.92 3.76
11:00-11:15 | 23.92 14.56 8.84 6.44 4.84 3.92
11:15-11:30 | 23.56 15.20 8.60 6.40 4.96 3.96
11:30-11:45 | 23.92 14.32 8.56 6.48 5.04 4.20
11:45-12:00 | 24.00 14.20 8.40 5.96 4.88 3.80
12:00-12:15 | 23.28 14.16 7.80 6.08 4.48 3.72
12:15-12:30 | 23.52 13.40 7.48 5.36 4.32 3.04
12:30-12:45 | 22.44 13.16 7.48 5.84 3.84 3.16
12:45-13:00 | 22.92 12.84 7.88 5.00 4.04 3.28
13:00-13:15 | 21.56 13.48 6.80 5.40 4.24 3.28
13:15-13:30 | 22.84 12.44 7.20 5.40 4.00 3.16
13:30-13:45 | 20.84 12.08 7.12 5.24 3.96 3.04
13:45-14:00 | 20.52 12.20 6.80 4.96 3.48 2.80
14:00-14:15 | 20.12 11.20 5.84 4.16 3.28 2.68
14:15-14:30 | 19.16 10.84 5.60 4.32 3.24 2.64
14:30-14:45 | 18.44 10.04 5.36 3.84 3.00 2.40
14:45-15:00 | 17.88 10.00 5.28 3.96 3.00 2.32
15:00-15:15 | 18.04 10.32 5.20 3.80 2.80 2.24
15:15-15:30 | 19.44 10.88 5.24 3.76 2.88 2.28
15:30-15:45 | 19.44 10.48 5.08 3.80 3.04 2.60
15:45-16:00 | 19.76 10.68 5.56 4.16 3.48 2.80
16:00-16:15 | 18.92 10.40 5.88 4.56 3.56 3.04
16:15-16:30 | 19.00 10.84 6.24 4.76 3.84 3.04
16:30-16:45 | 20.08 11.40 6.36 4.92 3.72 3.16
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16:45-17:00 | 22.04 13.00 7.24 5.32 3.92 3.24
17:00-17:15 | 23.52 13.88 7.16 5.28 4.20 3.52
17:15-17:30 | 25.40 14.84 8.20 5.92 4.60 3.80
17:30-17:45 | 27.04 16.40 9.12 6.92 5.52 4.32
17:45-18:00 | 28.56 17.28 10.12 8.16 6.32 5.04
18:00-18:15 | 29.24 17.76 11.20 8.56 6.84 5.56
18:15-18:30 | 29.12 19.04 12.20 9.32 7.68 6.64
18:30-18:45 | 30.04 19.92 12.28 10.00 8.24 6.20
18:45-19:00 | 29.52 18.92 12.60 10.20 7.68 6.44
19:00-19:15 | 27.96 18.44 12.28 9.04 7.24 5.56
19:15-19:30 | 27.08 18.08 11.32 8.92 6.76 5.48
19:30-19:45 | 26.64 17.16 11.24 8.68 6.88 5.44
19:45-20:00 | 25.52 16.44 10.76 8.20 6.28 4.76
20:00-20:15 | 26.04 17.04 10.00 7.28 5.36 4.16
20:15-20:30 | 25.52 14.24 8.44 6.16 4.72 3.80
20:30-20:45 | 21.96 13.24 7.12 5.40 4.32 3.72
20:45-21:00 | 21.48 12.20 6.84 5.48 4.48 3.52
21:00-21:15 | 20.04 11.64 6.96 5.56 4.20 3.08
21:15-21:30 | 20.44 12.36 7.16 5.56 4.12 2.88
21:30-21:45 | 20.64 11.92 6.64 4.84 3.28 2.48
21:45-22:00 | 20.88 11.68 6.24 4.04 3.08 2.56
22:00-22:15 | 20.68 0.00 0.00 0.00 0.00 0.00
22:15-22:30 | 21.12 0.00 0.00 0.00 0.00 0.00
22:30-22:45 | 19.24 0.00 0.00 0.00 0.00 0.00
22:45-23:00 | 17.84 0.00 0.00 0.00 0.00 0.00
23:00-23:15 | 17.92 0.00 0.00 0.00 0.00 0.00
23:15-23:30 | 16.44 0.00 0.00 0.00 0.00 0.00
23:30-23:45 | 14.00 0.00 0.00 0.00 0.00 0.00
23:45-00:00 | 14.60 0.00 0.00 0.00 0.00 0.00
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C Time Constraints for Customer

Comfort

C.1 Worst Case Scenario

One of the important constraints in designing the load control program is to maintain
customer comfort. The customer comfort in electric water heaters can be character-
ized with the water temperature. In this dissertation, it is assumed that the mea-
surement of the water temperature is not available; thus, a time limit was imposed
to the control system to maintain customer comfort by limiting the time interval in

which a water heater could be interrupted.

Customer comfort mostly depends on the user experience during direct use of hot
water. Taking showers is one of the most critical time intervals for providing hot
water. Several studies [12, 81] have shown that a shower may take approximately
10 — 15 minutes with the amount of 60 — 80 Liters and assuming that the rate of

water usage is constant during a shower; results in Wp = 5Liter /min.

Let us define the worst case scenario in a way that two showers within approxi-
mately 1 hour happens, as depicted in Figure C.1 (top). This water usage was used
as an input to the simulator which was discussed in Chapter 2 to estimate the power

consumption of the water heater and its water temperature.

In order to study the impact of load interruption on the water temperature, various

control signals were applied to the simulator. Figure C.1 depicts one of these tests
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in which [ = 4 interruption commands of 15 minutes length were issued to the water
heater. As can be seen in the resulting temperature, the minimum temperature
is dropped from approximately 49°C' to approximately 45°C, which still can be

considered warm water for a shower.

This study suggests that considering | = 4 samples of 15-minutes intervals in an
L = 8 samples window will not compromise customer comfort significantly. This
time constraint was also imposed in the pilot projects containing approximately 100
water heaters, and during the operation of the control system, no complaints were

received from the customers.
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6 Worst Case Water Usage Scenario
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Figure C.1: The worst case scenario for water usage (top figure) and its result-
ing power consumption (middle) and water temperature(bottom) with and without
external control signal.
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