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Abstract

Power system companies, including Canadian ones, have been making remarkable ef-

forts towards implementing smart grid functions within their service domains. These

efforts are spearheaded by establishing demand response programs for residential

and small commercial loads (RSCLs). Demand response programs face a major

challenge in their capacities to offer effective and economic options for customers in

RSCLs, and thus fail to attract wide customer participation. The major challenge

facing demand response programs is the lack of accurate models for energy demands

and patterns of consumption in RSCLs. Available models of RSCLs are based on

statistical methods, which require collecting significant amounts of data for energy

demands of RSCLs over different hours each season. Statistical methods generally

produce approximate models that may not accurately represent energy demands and

patterns of consumption in RSCLs over different seasons. Furthermore, data collec-

tion from RSCLs can raise the costs of implementing smart grid functions, as extra

instrumentation is required to monitor and record energy consumption of RSCLs.

The main objective of this research is to develop new models for RSCLs using nu-

merical methods and orthogonal multi-frames. The proposed modeling method uses

one value of the active power P to calculate one value of the apparent power |S̄|,

while it employs six phaselet frames to calculate a value of the angle θ (the phase of

S̄). Calculated |S̄| and θ are used to calculate a value of the active power Pc, which

is compared to P in order to adjust |S̄| for the next Newton iteration. Calculated

values of Pc, |S̄|, and θ at each iteration are employed to determine a value of the

reactive power Q at the same iteration.

Determined values for Pc, |S̄|, θ, andQ, for each value of P , are employed to complete
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the constant impedance (Z), constant current (I) and constant power (P) modeling,

commonly called the ZIP model, for RSCLs. In these loads, changes in the voltage,

due to ON-OFF switching, are assumed negligible, where constant power and con-

stant current loads become of a similar class in the ZIP model. The complete ZIP

model has standardized parameters for the power consumption in each appliance,

and thus the ON-OFF status of each appliance can be determined using its stan-

dardized parameter. This approach is implemented as an algorithm, and realized for

performance evaluation using different sets of collected power measurements. Per-

formance results show simple implementation, accurate determination of ON-OFF

status, and a low memory requirement.
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Chapter 1

Introduction

1.1 General

During the past few years, power system operation and control have made remark-

able progress towards implementing smart grid functions. These progresses, in con-

junction with a growing public interest in energy saving, have triggered significant

demands for monitoring and controlling the energy consumed by residential and

small commercial loads (RSCLs). In response to these demands, several utilities

have started to [1–3]:

i) Upgrade energy meters to smart meters;

ii) Construct two-way communication links with RSCLs;

iii) Establish utility-demand response programs;

iv) Increase levels of integrating renewable energy sources;

v) Implement energy saving initiatives that will attract wide sectors of costumers;

vi) Identify energy customers that can be subject to energy saving initiatives.
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Recent energy market reports (see references [4] and [6]) have highlighted customers’

concerns regarding the participation in demand response programs. Such concerns

are raised due to the lack of information about identifying appliances with high en-

ergy consumptions, along with difficulties in obtaining patterns of energy consump-

tion in controlled appliances. On one hand, this information can help customers in

RSCLs take proper decisions on energy saving and benefit from time-of-use rates.

On the other hand, this information can help utilities to accurately manage peak

load conditions ([1–6] and[27–30]).

In order to answer customers’ concerns and utilities’ needs, several devices have

been developed to collect data from individual appliances, and process this data

to provide patterns for energy consumption, as well as methods to identify appli-

ances. However, installing each of these devices requires a network of sensors as the

power consumption of each appliance has to be collected. The complicated require-

ments of these devices, along with their high cost, have made them less attractive

to customers in RSCLs. Another method has been developed based on the data

collected using smart meters. This method is called the non-intrusive load moni-

toring (NILM), which has attracted customers and utilities due to its low cost and

simple implementation [1, 2, 7, 8]. The development of the NILM method has facili-

tated obtaining information about patterns of energy consumption in RSCLs. This

information is obtained through decomposing the time series of the active power

P (t) determined from readings of a smart meter. Such a decomposition is meant

to provide a time series for the electric power consumed by each appliance, that is

[1–3]:

P (t) = P1(t) + P2(t) + . . .+ Pd(t). (1.1)

where Pi is the power consumed by appliance i.
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Various approaches have been proposed to perform the decomposition of P (t) into

P1(t), P2(t), . . . , Pd(t) in order to implement NILM. These approaches include the

statistical, pattern-recognition, and multiple-signature detection. The implemen-

tation of NILM using the previous approaches has shown good abilities to provide

patterns of energy consumption in RSCLs [7–10]. However, the tendencies of existing

NILM implementations to create pattern-based models, in order to identify appli-

ances, imply collecting and analyzing several sets of data over various hours during

different seasons. Such pattern-based models of appliances can be categorized as:

a - Single-state method, which provides models composed of identical ON/OFF

edges with the average power consumption of the appliance in between.

b - Multi-state method, which provides models composed of different ON/OFF

edges with signature-based characteristic for the power consumption of the ap-

pliance.

1.2 Overview of Demand Response

There are different ways to describe the functions performed by a demand response

program. The diversity of loads subject to control, diversity of appliances subject to

control, and diversity of initiating the control commands to loads and/or appliances

within controlled loads, may create different realizations of the demand response

programs. Fig. 1.1 shows a generic realization of the demand response program,

where the power meter readings of residential units, as well as control action initi-

ated for these loads, are communicated via wireless links. In general, power meter

readings collected from residential units are used to model and update the status of

specific appliances, which are commonly defined as target appliances. Such target

appliances may include water heaters, heaters, and air conditioning systems. The
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Figure 1.1: A schematic block diagram depicting a generic realization of the demand
response program for residential units. Pk denotes the power meter reading of the kth

residential unit, while CNk denotes the control action initiated for the kth residential
unit.

modeling and status updates of such appliances are required to initiate proper con-

trol actions ({CN}k=n
k=1 ) by the load controller component of the demand response.

There are several approaches for modeling the energy consumption of target appli-

ances, such as statistical models, pattern recognition models, bottom- up models,

etc. In this thesis, the ZIP model (described in Chapter 2) is to be used for modeling

and status updates of target appliances.

1.3 Motivation

Several power companies have demonstrated growing interests in controlling power

demands of RSCLs for purposes of establishing effective peak load management.

These interests are based on the fact that power demands of RSCLs (mostly of
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single phase (1φ) type) are among the major contributors to peak load conditions

[1–5]. In general, peak load management of RSCLs can be achieved by [5–10]:

• direct load control (DLC);

• continuous two-way communication with consumers;

• tariff margins for certain consumer groups;

• demand response management.

The aforementioned approaches, for achieving peak load management, require

accurate and instantaneous identification of power demands in RSCL, along

with patterns of their energy consumptions. Such information is required for

establishing direct load control, implementing demand response programs, and

helping customers participate in energy saving initiatives[3–7].

1.4 Literature Review

The interests in implementing smart grid functions has motivated several research

works that have been focused on realizing demand response programs in residential

and small commercial loads (RSCLs), where peak-load management is the primary

objective. These research works have identified that modeling the power demands

and behaviors of RSCLs is the key element for realizing demand response programs,

and achieve effective peak-load management. Several approaches have been proposed

for modeling RSCLs in order to forecast their demands, and hence establish patterns

for their energy consumptions.
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The bottoms-up approach, presented in [9], has been among the early attempts to

develop models for RSCLs. This modeling approach is based on a demand manage-

ment system that is related to a bottom-up design. This design structure implies

starting at the individual appliance level, and then work the way up to the total

household level. These levels of load energy consumptions are defined as aggrega-

tion levels, which starts with level 1 that allows producing an individual household

power demand profile. The second aggregation level is level 2 that provides an ag-

gregation of the power demands for a group of different households. The bottom-up

approach has been realized through an algorithm, called ARGOS, that collects data

for individual households and determines the model for the data source, along with

providing the energy consumption pattern for that household. The common sources

for the data collected by ARGOS are the demographic/socioeconomic data, individ-

ual customer electricity usage habits, and engineering data operation of the relevant

household appliances. The model offers an accurate prediction of individual loads if

all appliances maintain a cyclic behavior over similar hours in similar seasons. The

main limitations of the bottom-up approach is the need for a vast amount of histor-

ical data, which includes surveying of multiple household consumptions, obtaining

demographic statistical data and probability of daily usage of individual devices etc.

In addition, if one appliance has to be changed , then the ARGOS algorithm may

not perform accurately as its purely based on previous data.

The gamma distribution algorithm has been proposed to forecast maximum demands

for distribution networks [3]. This approach has offered an alternative method for

the after diversity maximum demand (ADMD) method. The gamma distribution

algorithm is based on analyzing the demand by collecting sample wattmeter readings

from ordinary households. In this approach, the 3:00 PM temperature dependence

of the daily energy use for a certain household on a particular day is combined
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with the daily energy use values determined from a profile of collected wattmeter

data, which collected with a sampling interval between 10 and 30 minutes from

all households at hand [3]. The daily energy use for each household is generated

by sampling the gamma distribution, where the random value is then corrected

for the actual 3 pm temperature on the desired day in order to give a forecast

of daily energy use. For each interval of the load profile, the simulated demands

calculated by randomly sampling the second gamma distribution and scaling by the

random energy use. This algorithm can be used for real time applications, where it

may require few statistical data for completing its forecast. The major limitation

of the gamma distribution approach includes the need for statistical data, which

can increase the computational burdens and memory requirements. Moreover, the

implementation of this modeling approach requires utilizing a stochastic process that

demands continuous sampling for purposes of obtaining numerically correct values.

Nonetheless, the introduction of the normalized terms in the gamma distribution

approach has simplified its implementation, and has made it applicable for certain

customized loads [3].

The peak load shifting approach, described in [7], has been developed for realizing

new aggregation strategies, which are intended for overcoming the accuracy problems

encountered due to the loss of load diversity. The loss of load diversity is generally

caused by synchronous on/off equipment behaviors, peak shaving percentages, and

peak-load shifting time of HVACs [7]. The aggregation strategies targeted by the

load shifting approach are meant for improving the accuracy of load forecasting,

as well as increasing the reliability of load direct controllers. The implementation

of such aggregation strategies has raised concerns regarding their required com-

putational capabilities, where intense stochastic processes are employed to obtain

individual load projections and forecasts. Load projections and forecasts are accom-
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plished by obtaining solutions for a third-order stochastic differential system (Monte

Carlo), that is combined with an Euler-Maruyama discrete approximation method,

or smoothing techniques realized by a numerical solution of the Fokker-Planck par-

tial differential equations [7]. In these solutions, the main variables of interest are the

probability density functions of the time-stamped indoor temperatures and power

demands. Testing this modeling approach has revealed that the Fokker-Planck dif-

ferential equations is faster and more accurate than the Monte Carlo equations.

However, these differential equations require homogeneously grouped loads to en-

sure converging to a solution.

[8] proposes a stochastic approach for modeling loads. This approach is based on

mapping different load types to residential neighborhoods. The implementation of

this modeling approach has been accomplished by Monte Carlo numerical solvers,

and the results have been compared with the calculated values at each time. The

behavior in load is assumed to be always of a constant current nature, where it has

a linear pattern with the average load traces. This assumption is justified by the

fact that the majority of residential households have repetitive patterns of power

demands and energy consumptions. The foundations for the stochastic modeling

approach depend on picking some pre-recorded load traces in a residential load cen-

ter, from which a certain consumer will be added as a new load trace. This addition

of a new load trace is handled by the stochastic approach through calculating the

percentile values. These calculations are repeated several times, after which the

algorithm calculates the average value and standard deviation of the obtained per-

centile values. Finally, these calculations are repeated in order to determine the

average and standard deviation for the sake of confirming its outcomes. The main

challenge for this modeling approach is its computational demands, which are very

high [8].
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One of the modeling approaches has been developed based on tariff applications, as

introduced in [2]. This approach has been proposed to assure users that they can

have enough power to satisfy their demands, while maintaining their comfort levels.

Such an insurance is made contingent with the ability of utilities to meet customer

demands for energy at all times. The implementation of the tariff applications ap-

proach is based on disaggregating the load profile accurately into a sum of the load

profiles for various appliances. The main goal of this disaggregation is to achieve a

short term forecast of the residential energy consumption on an hourly basis. The

desired load model is then computed for each hour of the day to create a pattern

of energy consumption as a function of the apparent temperature. The tariff ap-

plications approach is generally implemented as Paatero-Lund(PL) model that uses

two pieces of information from an appliance to model its energy consumptions. The

first piece is the technological cycle which is a sequence of time segments tagged

with levels of electric power consumption, where multiple cycles per appliances are

ignored and are treated as a lumped load of several appliances with certain restric-

tions on simultaneous operations. The second piece needed is the probability of ON

and OFF actions of any appliance at any time of the day. The obtained load model

can be useful for many appliances for realizing demand side management. However,

the statistical data required is hourly, which is relevant for a backup of the real time

modeling [2].

The non-intrusive load monitoring (NILM) approach, presented in [1], is based on

collecting data of electric energy consumption using reading of smart meters. The

collected data is meant to create a history or a pattern of energy consumptions and

operating statuses of major household appliances. The created pattern of energy

consumption is intended to enable homeowners to make sound decisions on how to

save energy and participate in demand response programs. The key idea for NILM
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is to use the various signatures of the entire operating window of an appliance

for accurate identification. The implementations of NILM have been achieved by

utilizing two types of widows, that are [1]:

i) a window that contains one ON and one OFF event associated with one appli-

ance;

ii) an overlapping window that contains one ON event associated with another

appliance.

Both of the aforementioned windows contain five types of signatures, that are

edge signatures, sequence signatures, trend signatures, time/duration signatures and

phase signatures. In order to obtain a load model using NILM, the implementation

algorithm has to be trained to detect and identify the events of individual appliances.

The main goal for such identifications is to model appliances from only power meter

readings, and dispense with additional instruments to measure power consumptions

of each appliance. The major drawback for the NILM approach is mandates of ex-

tensive training, which requires collecting a significant amount of data from various

appliances. The majority of training algorithms are designed using Artificial Neural

Networks (ANN), which can be difficult to generalize without training for each ap-

pliance. In addition, in case of swapping any appliance, the entire algorithm needs

to be retrained with new statistical data of the new appliance. There are several

research works that are being conducted to facilitate and simplify the implementa-

tions of NILM for applications in real time load modeling for realizing smart grid

functions.

The Artificial Neural Networks (ANN) have gained popularity in applications of load

modeling. This approach offers reduced dependence on the nature of the modeled

load, and facilitates creating accurate patterns for its energy consumptions. The em-

10



ployment of ANNs in modeling loads is proposed in [11], where rule-based structures

is designed to determine a short-term forecasting of anomalous loads. The obtained

models are generally based on four rules, each of which adds a different element to

the algorithm. The only concern with these rules is that they may conflict with

one another. In [12], another heuristic approach is proposed based on the Mamdani

fuzzy model with multiple inputs and a single output to create a short-term load

forecasts. The main difficulties with the heuristic approaches is due to their training

data, which can be significant, and costly to collect. The other concern is their

limited abilities for generalization without thorough training and settings.

Another methodology used in load modeling is the windowing function. This ap-

proach is based on the Fourier analysis, which compares a certain segment length

(window) to a stream of data points. The window is represented by a filter bank

that is usually composed of Finite Impulse Response (FIR) filters [15]. In the power

system, this method would analyze a certain amount of power readings of an indi-

vidual load at a time of a stream in order to calculate its change over time. the

windowing technique will then throw out the historical data before moving onto the

next segment of data. The length of segments vary depending on the application or

type of load [16]. The problem with the window-based modeling approach is that a

specific amount of historical data is required.

The major limitation of the aforementioned methods is their need for significant

amounts of historical data that have to be collected over different hours in different

seasons. Such a requirement implies using different instrumentation, data storage,

and possibly communication means. Another challenge for the existing methods is

due to the demands for processing power that is capable of handling the required

computations, where large data is processed to obtain desired models. These chal-

lenges for modeling RSCLs are the driving motivation of this research work. The
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main objective of this research work is to develop a modeling methodology for sim-

ple, economic, and historical-data free for RSCLs using only readings of a typical

power meter in a household. The power data collected from power meters in RSCLs

can be used on a one-reading basis for obtaining an instantaneous model of a RSCL.

The instantaneous modeling is accomplished by determining the value of the reac-

tive power for each value of the active power P . The determination of the reactive

power in this research work is conducted using numerical iterations combined with

phaselet frames. The main idea of such a method is to determine the magnitude of

the apparent power |S̄| using Newton iterations, while the phase θ of the apparent

power is determined using phaselet frames. Determined values of |S̄| and θ provide

a value for the reactive power Q. The values of P, S̄, Q, and θ can be employed

for deriving the load model as a constant power load, constant impedance load, or

constant current load at each collected value of P .

1.5 Objectives

The main objective of the research work in this thesis is to develop a new approach

for modeling residential and small commercial loads (RSCLs) based on instantaneous

readings obtained from household power meters. The Newton-phaselet approach is

developed to calculate a value for the apparent power S̄, the angle θ and reactive

power Q for each value of the active power P . The values of S̄, θ, Q and P are

utilized to obtain the ZIP model for the RSCL of interest. Performance results of

the Newton-phaselet approach demonstrate its accuracy, insensitivity to modeled

loads, and simple implementation without needs for historical data.

12



1.6 Thesis Outlines

The thesis will be split into the following chapters:

i) Chapter 2 presents the general formulation of the ZIP model, and the simplifica-

tions that can be made for RSCLs. This chapter also provides the mathematical

derivations to represent the changes in power demands of RSCLs using the sim-

plified ZIP model.

ii) Chapter 3 briefly describes the processing of signals using sets of orthogonal

basis functions, in particular using wavelet and phaselet basis functions. This

chapter also presents the concept of processing signals using frames that are

constructed by phaselet basis functions. Finally, Chapter 3 proposes the em-

ployment of phaselet frames to process signals for potential applications in power

systems, particularly for calculating the power angle θ using values of the active

power P in order to complete the ZIP model.

iii) Chapter 4 details the development of an algorithm to realize the Newton-

phaselet method, and its implementation using MATLAB/SIMULINK software.

The performance of the developed algorithm is also evaluated in this chapter for

three sets of data collected from different residential units over different time

intervals.

iv) Chapter 5 presents a summary of this thesis, along with the conclusions drawn

from the performance results of the Newton-phaselet method for modeling and

updating the ON-OFF status of appliances in residential units. Finally, this

chapter identifies some avenues for future research works that can be based on

the presented research work.
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Chapter 2

ZIP Model for Residential Loads

2.1 General

The main objective of this research work is to develop a new modeling approach for

residential and small commercial loads (RSCLs) using only instantaneous readings

of a power meter in these loads. The foundations of the proposed modeling approach

are based on the generic load classes, that are:

• Constant power loads;

• Constant current loads;

• Constant impedance loads.

These load classes are commonly called the ZIP model. The ZIP model is very

common in modeling loads and power demands for power system analysis, planning,

design, and transient analysis. The general ZIP model can be described in terms of

14



the active and reactive power demands of the modeled load as:

P = Po

(

PZ

(

V

Vo

)2

+ PI

(

V

Vo

)

+ PS

)

(1 +Kpf∆f) (2.1)

Q = Qo

(

QZ

(

V

Vo

)2

+QI

(

V

Vo

)

+QS

)

(1 +Kqf∆f) (2.2)

where V is the voltage, Vo is the rated voltage of the modeled load, Po and Qo

are the active and reactive powers ratings of the modeled load, PZ and QZ are

components in the active and reactive power demanded by the constant impedance

part of the modeled load, PI and QI are components in the active and reactive

powers demanded by the constant current part of the modeled load, PS and QS

are components in the active and reactive powers demanded by the constant power

part of the modeled load, kpf and Kqf are parameters that represent the frequency

sensitivity to variations in P and Q, respectively, and f is the frequency.

2.2 Constructing the ZIP Model

The ZIP model can be used for modeling RSCLs, where the instantaneous power

demands (P and Q) can be composed of the demands of different appliances. In

general, appliances in any RSCL can be mapped into constant impedance, constant

current, and constant load classes. In order to employ the ZIP model in RSCLs, the

following assumptions have to be made:

i- Switching ON or OFF an appliance does not significantly change the voltage V :

V ≈ Vo;

ii- Switching ON or OFF an appliance does not significantly change the frequency

f : ∆f ≈ 0.
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These assumptions can be concluded as PI ≈ PS, and QI ≈ QS, as V ≈ Vo. The

previous approximations and assumptions simplify equations (2.1) and (2.2), that

is:

P = Po (PZ + 2PS) (2.3)

Q = Qo (QZ + 2QS) (2.4)

When an appliance is switched ON or OFF, the model of the RSCL will change,

where such a switching action can be seen as changes in P and/or Q as:

P ±∆P = Po (PZ ±∆PZ + 2PS ±∆PS) =⇒ ∆P = Po (∆PZ + 2∆PS) (2.5)

Q±∆Q = Qo (QZ ±∆QZ + 2QS ±∆QS) =⇒ ∆Q = Qo (∆QZ + 2∆QS) (2.6)

Equations (2.5) and (2.6) indicate that an instantaneous model of a RSCL can be

derived from ∆P and/or ∆Q, if the individual changes ∆PZ ,∆PS,∆QZ , and ∆QS

can be determined. ∆PZ and ∆QZ are components of the constant impedance

class while ∆PS and ∆QS are representations of the changes in constant power and

constant current components of the general ZIP model.

2.2.1 Constant Impedance Loads

These loads have fixed impedances, where the active and/or reactive power demands

may change as a result of changes in the current drawn or the voltage applied to

such loads. The active and reactive power demands for such loads can be stated as:

PZ =
V 2

Z
cos(θ) (2.7)
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QZ =
V 2

Z
sin(θ) (2.8)

The change in the active power demand of a constant impedance load can expressed

in terms of its voltage, impedance, and power angle θ. It should be noted that in

case of a RSCL, the voltage can be assumed constant, which simplify stating the

changes in the active and/or reactive power demands for a constant impedance load

as:

PZ +∆PZ =
V 2

Z
cos(θ +∆θ) (2.9)

Employing trigonometric identities, the above equation can be stated as:

PZ +∆PZ =
V 2

Z
(cos(θ) cos(∆θ)− sin(θ) sin(∆θ)) (2.10)

For a small angle α, cos(α) ≈ 1, and sin(α) ≈ α. Utilizing these approximations in

the previous equation yields:

PZ +∆PZ =
V 2

Z
(cos(θ)−∆θ sin(θ)) =

V 2

Z
cos(θ)− V 2

Z
∆θ sin(θ) (2.11)

The above equation can be simplified as:

∆PZ = −V
2

Z
∆θ sin(θ) (2.12)

If the change in reactive power is to be considered (with the assumption of a constant

voltage), it can be stated as:

QZ +∆QZ =
V 2

Z
sin(θ +∆θ) (2.13)
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Employing trigonometric identities, the previous equation becomes:

QZ +∆QZ =
V 2

Z
(sin(θ) cos(∆θ) + cos(θ) sin(∆θ)) (2.14)

The approximated values of sin(.) and cos(.) for a small angle can be used to simplify

equation (2.37), that is:

QZ +∆QZ =
V 2

Z
(sin(θ) + ∆θ cos(θ)) =

V 2

Z
sin(θ) +

V 2

Z
∆θ cos(θ) (2.15)

The previous equation can be reduced to:

∆QZ =
V 2

Z
∆θ cos(θ) (2.16)

2.2.2 Constant Power Loads

These loads have a constant apparent power demand, where the active and reactive

powers may change. However, the changes in the active and reactive powers will

always yield constant apparent power.

|S̄|2 = P 2 +Q2 (2.17)

|S̄ +∆S̄|2 = (P +∆P )2 + (Q+∆Q)2 (2.18)

|S̄|2 + 2S̄∆S̄ +
(

∆S̄
)2

= P 2 + 2P∆P + (∆P )2 +Q2 + 2Q∆Q+ (∆Q)2 (2.19)

Assuming that square the change is very small as
(

∆S̄
)2 ≈ (∆P )2 ≈ (∆Q)2 ≈ 0,

produces:

|S̄|2 + 2S̄∆S̄ = P 2 + 2P∆P +Q2 + 2Q∆Q =⇒ S̄∆S̄ = P∆P +Q∆Q (2.20)
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For a constant power load, the change in S̄ will be zero as P and/or Q change, that

is:

0 = P∆P +Q∆Q =⇒ ∆P = −Q
P
∆Q (2.21)

Substituting Q = P tan(θ) in the above equation yields:

∆P = −∆Q tan(θ) (2.22)

In order to express ∆Q in terms of ∆P , the relationship between P andQ is employed

as:

Q = P tan(θ) =⇒ Q+∆Q = (P +∆P ) tan(θ +∆θ) (2.23)

Utilizing the trigonometric identity for the tan function as:

tan(a+ b) =
tan(a) + tan(b)

1− tan(a) tan(b)
(2.24)

Using the trigonometric identity, and the approximation that for a small angle α:

tan(α) ≈ α, the equation for ∆Q can be expressed, with approximating ∆P∆θ ≈ 0,

as:

Q+∆Q = (P+∆P )

(

tan(θ) + ∆θ

1−∆θ tan(θ)

)

=
P tan(θ)

1−∆θ tan(θ)
+

∆P tan(θ)

1−∆θ tan(θ)
+

P∆θ

1−∆θ tan(θ)

(2.25)

Another approximation can be made since ∆θ tan(θ) is very small, that is:

Q ≈ P tan(θ)

1−∆θ tan(θ)
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The previous approximations simplify the expression for ∆Q to:

∆Q =
∆P tan(θ)

1−∆θ tan(θ)
+

P∆θ

1−∆θ tan(θ)
(2.26)

Substituting equation (2.26) into equation (2.22) yields:

∆P = − ∆P tan2(θ)

1−∆θ tan(θ)
− P∆θ tan(θ)

1−∆θ tan(θ)
(2.27)

Simplifying equation (2.27) produces:

∆P = − P∆θ tan(θ)

1−∆θ tan(θ) + tan2(θ)
(2.28)

If the change in the reactive power for a constant power load is to be considered,

then equation (2.22) can be used to express the change in Q as:

∆Q =
∆P

tan(θ)
(2.29)

Substituting equation (2.27) into equation (2.29) provides the change in reactive

power for a constant power load as:

∆Q =
P∆θ

1−∆θ tan(θ) + tan2(θ)
(2.30)

2.3 Determining Power Changes Using the ZIP

Model

The simple approach to determine values for ∆PZ ,∆PS,∆QZ , and ∆QS can be set

through the general relationship between the apparent power, active power, and
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reactive power, that is:

|S̄|2 = P 2 +Q2 =⇒
(

|S̄|+∆|S̄|
)2

= (P +∆P )2 + (Q+∆Q)2 (2.31)

Expanding the change in |S̄| (due to an ON or OFF switching action), produces:

|S̄|2 + 2|S̄|∆|S̄|+
(

∆|S̄|
)2

= P 2 + 2P∆P + (∆P )2 +Q2 + 2Q∆Q+ (∆Q)2 (2.32)

If the square changes are assumed very small, that is
(

∆S̄
)2 ≈ (∆P )2 ≈ (∆Q)2 ≈ 0,

then:

|S̄|2 + 2|S̄|∆|S̄| = P 2 + 2P∆P +Q2 + 2Q∆Q =⇒ |S̄|∆|S̄| = P∆P +Q∆Q (2.33)

The expression in equation (2.33) provides a general setting for the changes in the

power due to any switching action. In order to identify the source of a switching

action, i.e. a constant impedance or a constant power load, equation (2.33) has to

be applied for both load classes. Appendix I provides detailed derivations for both

load classes. These derivations provide the following changes in the power due to a

switching action:

• Constant power load:

∆PS = − P∆θ tan(θ)

1−∆θ tan(θ) + tan2(θ)
(2.34)

∆QS =
P∆θ

1−∆θ tan(θ) + tan2(θ)
(2.35)

where θ is the phase of the apparent power S̄.
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• Constant impedance load:

∆PZ = −V
2

Z
∆θ sin(θ) (2.36)

∆QZ =
V 2

Z
∆θ cos(θ) (2.37)

2.4 Summary

This chapter has presented an overview of the ZIP model for application in Resi-

dential and Small Commercial Loads (RSCL). The formulation of the ZIP model

is based on decomposing the active and reactive power demands of any RSCL into

three basic load classifications: constant impedance, constant current, and constant

power. However, since voltage changes in RSCLs can be assumed negligible, the ZIP

model for such loads can be reduced into constant impedance and constant power

component.

The general formulation of the ZIP model requires both the active and reactive

power demands of the modeled loads. Since typical power meters in RSCLs provide

only reading for P (energy readings over fixed time interval), the determination of

Q can be achieved by numerical iterative methods. Such a numerical method is

proposed to be structured from Newton iterations and phaselet frames. The next

chapter describes constructing phaselet frames for employment in completing the

ZIP model for RSCLs.
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Chapter 3

Phaselet Analysis

3.1 General

Orthogonal and orthonormal basis functions possess several capabilities, such as

spanning dense and/or complete spaces, producing finite impulse response (FIR)

filters, constructing frames etc. A space is a collection of basis functions that have

to satisfy certain conditions, including linear independence and orthogonality. A set

of D basis functions, {β0(t), β1(t), ..., βD−1(t)}, can span a space V , that is:

V = closL2(R) 〈{βd(t)}〉 . (3.1)

where L2(R) is the space of square-integrable functions and D ∈ R or D ∈ Z. Any

signal or function x(t) ∈ V can be decomposed using the set of basis functions

{β0(t), β1(t), ..., βD−1(t)} as:

x(t) =
D−1
∑

d=1

cdβd(t) (3.2)

where cd is a non-zero real number (cd ∈ R) and can be expressed as:
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cd =
〈

x(t), β̃d(t)
〉

(3.3)

where β̃d(t) is the dual basis function of βd(t) and 〈.〉 is the inner product operation,

which can be defined for any two functions u(t) and v(t) as:

〈u(t), v(t)〉 =
∫ ∞

−∞

u(t).v∗(t)dt (3.4)

where v∗(t) is the complex conjugate of v(t). It should be noted that for some basis

functions, cd can be a complex number.

One of the popular sets of basis functions with the capabilities of spanning suc-

cessive dense and complete spaces are the wavelet basis functions. Spanned spaces

by wavelet basis functions are generally used to construct multi-resolution analyses

(MRAs). Wavelet based MRAs have demonstrated stable and converging features

for a wide range of applications, including multi-stage expansion and successive ap-

proximations of signals, with unknown sources. The later feature is employed in this

work to determine the apparent power (magnitude (|S̄|) and phase (θ)) consumed

by an unknown load.

3.2 Multi-Resolution Analysis (MRA)

The concept of successive approximations of a processed signal can be realized by sets

of orthogonal basis functions. In each stage, a finite set of coefficients that represent

the energy content of the processed signal is produced. The basis functions, used

in constructing an MRA, are generated by integer shifts and dyadic (powers of 2)

dilates of a real single function, which is known as the scaling function (φ(t)) as
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[17–19]:

{φj,k(t)} :=
{

φ
(

2jt− k
)}

; k, j ∈ Z (3.5)

The basis functions ({φj,k}) at scale j span a space Vj that provides one stage

for approximating the processed signal. The spanned spaces by {φj,k(t)} can be

formulated as [17–19]:

...Vj−1 ⊂ Vj ⊂ Vj+1 ⊂ Vj+2.... (3.6)

The collection of nested spaces can be used to construct an MRA as [17–19]:

MRA =
∞
⋃

j=0

Vj(φ) (3.7)

It can be shown that the MRA of a signal is one approach to approximate x(t)

through successive projections of x(t) onto each space of the MRA, that is:

Pj(x(t)) =
∑

k

〈x, φj,k〉 φ̃j,k (3.8)

The signal x(t) can be recovered from its projections as:

x(t) = lim
j→∞

(

∑

j

Pj(x(t))

)

. (3.9)

In the case of processing a discrete signal xd[n], the successive approximations can

be linked to digital filtering xd[n] using filters with dyadic pass and stop bands.

The successive filtering of a discrete signal xd[n] can be viewed as approximating

that signal in terms of its frequency components, which are extracted at each stage

of approximation. Such successive filtering of xd[n] can be a setting for an MRA,

constructed by digital half-band high pass and low pass FIR filters. The coefficients
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of these FIR filters are obtained by solving the dilation equations, that are:

φ(t) =
√
2
∑

k

g[n]φ(2t− k) (3.10)

ψ(t) =
√
2
∑

k

h[n]φ(2t− k) (3.11)

The processing of a signal as in equation (3.9) relates the generic MRA structure to

infinite successive approximations. However, for purposes of realizing an MRA in

practical applications, the number of resolution levels (stages of approximations) has

to be finite, that is j <∞. Such a requirement implies that the frequency contents

of a processed signal can be extracted over a finite number of frequency sub-bands,

and energy contents of that processed signal can be parametrized by a finite number

of coefficients. The setting of j < ∞ and k < ∞ can cause an MRA to become

shift-variant for processing some discrete signals ([20–22]). In order to maintain the

shift-invariant feature of an MRA (with j <∞ and k <∞), each basis function, in

a scale j, is modulated by a unit norm frame, which is composed of sine and cosine

functions. This modulation causes the finite number of basis functions to construct

an MRA with a shift-invariant feature ([20–22]). Such basis functions are defined

as phaselet basis functions. The next section provides an overview of phaselet basis

functions, along with some of their properties.

3.3 Phaselet Basis Functions and Frames

A frame is a generalized set of basis functions that can define a wavelet system

W ⊂ L2(R) as [17–22]:

W ({ψℓ}rℓ=1) :=
{

2j/2ψℓ

(

2jt− k
)

: 1 ≤ ℓ ≤ r; j, k ∈ Z
}

. (3.12)

26



The system W is a tight wavelet frame in L2(R) if for any signal x ∈ L2(R):

‖x‖ =
r
∑

ℓ=1

|〈x, ψℓ〉|2. (3.13)

where 〈.〉 is the inner product and ‖.‖ is the Euclidean norm. The notation of wavelet

frames is generalized by defining lower and upper bounds (A ∈ R and B ∈ R with

0 < A ≤ B < ∞ (see Appendix II). Incorporating such bounds, the system W is a

wavelet frame if it satisfies [17–20]:

A ‖x‖2 ≤
r
∑

ℓ=1

| 〈x, ψℓ〉 |2 ≤ B ‖x‖2 . (3.14)

It should be noted that for a tight wavelet frame A = B = 1. Another capa-

bility of wavelet functions is the generation of phaselet basis functions. Phaselet

basis functions are one class of wavelet basis functions that offer supporting shift-

invariant time-frequency transforms with reduced redundancy. A set of phaselet

basis functions, {αm (t)}M−1
m=0 , with m,M ∈ Z, can be generated by a real-valued

scaling function φo(t). Each αm(t) has a similar magnitude spectrum to that of

φo(t). However, each αm(t) has a unique phase τm. These features of phaselet basis

functions can be stated as [17–22]:

∣

∣α̂m

(

2−jΩ
)∣

∣ =
∣

∣

∣
φ̂o

(

2−jΩ
)

∣

∣

∣
eiτm . (3.15)

where α̂m(Ω) and φ̂o(Ω) are the Fourier transforms of αm(t) and φo(t), respectively,

and i is the complex operator (i =
√
−1). The phases {τm}M−1

m=0 can be selected with

a uniform distribution over [−π, π] as :

τm = −2πm

M
; τm ∈ R, and m = 0, 1, 2, . . . ,M − 1. (3.16)
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The phases defined in equation (3.16) have to meet the following condition [20–22]:

M−1
∑

m=0

eiτm =
M−1
∑

m=0

e−i 2πm

M = 0 for M ≥ 2. (3.17)

Among the advantages of phaselet basis functions is their ability to construct opti-

mized frames, which have demonstrated promising applications in image and speech

processing (see reference [20]). In this research work, the phaselet frames are to be

used for a new application in power systems, in particular, for estimating the power

consumption of unknown loads.

3.4 Realizing Phaselet Frames

Due to their ability to support time-frequency transforms, phaselet basis functions

are associated with half-band digital low pass and high pass finite impulse response

(FIR) filters. In general, a set of wavelet basis functions (including phaselet basis

functions),
{

ψ(j,k)

}

, j, k ∈ Z, form a frame in L2(R), where any signal x ∈ L2(R)

can be processed (decomposed and synthesized) as [17–22]:

x =
∑

j∈Z

∑

k∈Z

〈

x, ψ(j,k)

〉

ψ̃(j,k). (3.18)

where ψ(j,k)(.) = 2j/2ψ (2j .− k) and ψ̃(j,k) is the dual of ψ(j,k). Since the set
{

ψ(j,k)

}

forms a wavelet frame, then its dual
{

ψ̃(j,k)

}

forms a dual wavelet frame. Each basis

function in
{

ψ(j,k)

}

satisfies the dilation equation, that is [20–22]:

ψ(t) =
√
2
∑

k∈Z

g[k]ψ(2t− k). (3.19)
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where g[k] is a half band digital low pass FIR filter associated with the scaling

function, from which the set
{

ψ(j,k)

}

is generated. Moreover, each basis function in
{

ψ̃(j,k)

}

satisfies the dilation equation as:

ψ̃(t) =
√
2
∑

k∈Z

g̃[k]ψ̃(2t+ k). (3.20)

where g̃[k] is the dual of g[k].

Wavelet frames and their dual frames can be established by an exact reconstruction

two-channel filter bank. Such a two-channel filter bank is composed from an anal-

ysis stage (g[k], h[k]) and a synthesis stage (g̃[k], h̃[k]), and these filters satisfy the

following conditions [17–22]:

δ[l] =
∑

k∈Z

g[k]g̃[2l − k], for l ∈ Z. (3.21)

√
2 =

∑

k∈Z

g[k] =
∑

k

g̃[k]. (3.22)

g[k] =− (−1)kh̃[k − 1]. (3.23)

h[k] =(−1)kg̃[k − 1]. (3.24)

where δ[l] is the dirac delta. The bi-orthogonal scaling functions have been used in

[20], [22], and [23] to generate phaselet basis functions. In these works, the use of

bi-orthogonal scaling functions has been based on the fact that bi-orthogonal scaling

functions can generate basis functions with high symmetry. Such basis function have

the advantage of producing a FIR filter with linear phase responses[19].

The realization of a phaselet frame, by stages of two-channel filter banks, can be ac-

complished by selecting half-band FIR filters gp, hp, g̃p, and h̃p, which are associated

with a set of phaselet basis functions {αm}M−1
m=0 . For a signal x ∈ L2(R), it can be
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processed by phaselet frames (realized by stages of two-channel filter banks) as:

x =
1

M

M−1
∑

m=0

(

∑

k∈Z

(

x ∗ (gp)m
)

∗ (g̃p)m +
∑

k∈Z

(

x ∗ (hp)m
)

∗
(

h̃p

)

m

)

. (3.25)

where ∗ is the convolution operation. In this work, the bi-orthogonal 1.3 scaling

function is selected to generate phaselet basis functions, which are used to provide

FIR filters. These FIR filters are used to construct the desired two-channel filter

bank in order to implement the phaselet frames. The scaling function of the bior1.3

and its magnitude spectrum are shown in Figure 3.1.
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Figure 3.1: The scaling function of the bior1.3: (a) the scaling function φ(t) and (b)
the magnitude spectrum |φ̂(ω)|

It is to be noted that the selection of bi-orthogonal 1.3 scaling function is made as

a trade-off between computational requirements and the density of generated basis

functions [22]. The generation of the phaselet basis functions can be achieved by

employing equation (3.16), where the set of phases {τm}M−1
m=0 is selected for M = 6
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as:

{τm} =

{

0, −2π

6
, −4π

6
, −6π

6
, −8π

6
, −10π

6

}

. (3.26)

The setting of M = 6 is made to reduce the computational burden, as the 6 phase-

let frames will process the apparent power |S̄| during each iteration. Since these 6

phaselet frames are produced by a bi-orthogonal scaling function, their high sym-

metry can facilitate an acceptable resolution of the calculated phase of |S̄| at each

iteration. The selection of {τm} produces 6 phaselet basis functions, that can be

substituted in equations (3.19) and (3.20) in order to obtain coefficients for the FIR

filters. A MATLAB code is developed to solve the dilation equations for each phase-

let basis function in order to obtain the coefficients of the low pass and high pass

FIR filters gp and hp. The magnitude and phase responses of gp and hp are shown

in Figure 3.2 and Figure 3.3.
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Figure 3.2: The low pass FIR filters associated with generated phaselet basis func-
tions: (a) the magnitude spectrum of each Gpm(ω), m = 1, . . . , 6 and (b) the phase
for each Gpm(ω).

Figure 3.2 shows that the 6 low pass FIR filters associated with the generated phase-
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Figure 3.3: The high pass FIR filters associated with generated phaselet basis func-
tions: (a) the magnitude spectrum of each Hpm(ω), m = 1, . . . , 6 and (b) the phase
for each Hpm(ω).

let basis functions (using the bi-orthogonal scaling function 1.3) have an identical

magnitude spectra, while each one of these FIR filters has its own linear phase shift.

A similar notice can be made for the 6 high pass FIR filters, where Figure 3.3 shows

that these high pass FIR filters have the same magnitude spectra, and each filter has

its own linear phase. The structure of these 6 FIR filters can ensure that process-

ing any signal will be more oriented towards extracting the phase of each frequency

component present in the processed signal.

3.5 Summary

This chapter overviewed the phaselet analysis and its possible employment for esti-

mating the phase of the processed signal. As the processed signal is filtered by low

and high pass FIR filters, the outputs of these filters can be viewed as orthogonal
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components of the processed signal. Since the used FIR filters have linear phase

responses, the phase of the processed signal can be obtained from the outputs of the

FIR filters. This feature of phaselet frames allows processing the iterated |S̄| in order

to calculate its phase θ. The next chapter provides the realization of the Newton

iteration(to estimate |S̄|), when combined with the 6 phaselet frames constructed in

this chapter.
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Chapter 4

Performance of Newton-Phaselet

Method

4.1 General

The focus of this work is on residential and small commercial loads (RSCLs), which

have their power consumption measured by single phase (1φ) power meters. Chapter

2 and Chapter 3 have provided the foundation for modeling residential and small

commercial (RSCL) loads using the ZIP model approach. as Chapter 2 has presented

the ZIP model for any load, where the active and reactive power demands by a

load are required. However, such requirements can not be met in RSCL, as the

active power consumption is measured by a power meter. In order to overcome this

challenge, Chapter 3 presented a numerical approach based on combining Newton’s

iteration (to calculate |S̄|) and phaselet frames (to calculate θ). The Newton Phaselet

method can provide values for θ using values of measured P , and thus meeting the

requirement of the ZIP model. This Chapter develops an algorithm for implementing

the Newton-phaselet method. In addition, this chapter presents and discusses the
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performance of the Newton-phaselet method for several sets of collected power meter

readings from different residential units in Fredericton, New Brunswick, Canada. It

should be noted that the collected data was obtained by using power meters that

are designed based on the IEEE 1459 Standard (see Appendix A), and provide only

values for the active power (energy consumption as power consumed over time). The

developed Newton-phaselet approach takes the read power signal and calculates |S̄|,

θ, Q and Pc in order to complete the ZIP model and retrieve the load status using

KpF .

4.2 Developing an Algorithm for the Newton

Phaselet Method

In general, the active power P can be related to the reactive power Q through the

power factor (PF ) as:

Q = P tan(θ); θ = cos−1(PF ). (4.1)

Equation (4.1) indicates that the angle θ is required to determine a value for Q using

a value of P . Such a limitation of 1φ power meters can be overcome by employing

numerical methods, in particular, Newton iterations. In order to employ Newton

iterations to determine PF or θ, the following system of non-linear equations is set

for the iterations as:

0 = Q− P tan(θ). (4.2)

∆θ =
∆Q− tan(θ)∆P

P + P tan2(θ)
. (4.3)
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One can see from equation (4.3) that ∆θ is a function in tan(θ), which has infinite

values for θ = ±π/2. This property of tan(θ) may complicate converging to the

desired solution. Alternatively, the apparent power S̄ can be a simpler approach, to

calculate θ, than the reactive power approach. The apparent power S̄ can be related

to P as:

P = |S̄| cos(θ). (4.4)

∆P = cos(θ)∆|S̄| − |S̄| sin(θ)∆θ. (4.5)

Equations (4.4) and (4.5) can provide a setting for Newton iterations, where θ can

be determined using the 6 phaselet frames as discussed in Chapter 3. As the value

of |S̄| is iterated, the 6 phaselet frames will be used to process the iterated values

|S̄| in order to determine a value of θ at each iteration. In this setting, values of |S̄|

during the iterations will be stored in an array AAA, that is:

AAA =
[

|S̄|(0) |S̄|(1) . . . |S̄|(n)
]

. (4.6)

where |S̄|(n) is the value of |S̄| at iteration n. The array AAA will be decomposed using

the 6 phaselet frames during each iteration, in order to produce a direct component

(sd) and a quadrature (sq) component. These components are defined as:

sd =AAA ∗ LPF1 +AAA ∗ LPF2 +AAA ∗ LPF3 +AAA ∗ LPF4 +AAA ∗ LPF5 +AAA ∗ LPF6.

(4.7)

sq =AAA ∗HPF1 +AAA ∗HPF2 +AAA ∗HPF3 +AAA ∗HPF4 +AAA ∗HPF5 +AAA ∗HPF6.

(4.8)
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A value of θ at iteration n can be determined using sd and sq as:

θ(n) = tan−1

(

sq
sd

)

. (4.9)

Determining θ can be interpreted as the total contributions of projecting |S̄| on the

6 phaselet frames as iterations converge to a solution (i.e. (δP )(n) −→ 0). As θ is

obtained using the phaselet frames (4.9), the Newton iterations can be realized to

provide a value for |S̄|. During iterations calculated values of θ and |S̄| can provide

a calculated value for active power Pc(n) as:

Pc(n) = |S̄|(n) cos(θ(n)) (4.10)

The mismatch in the active power at iteration n can be obtained as:

δP (n) = P − Pc(n) (4.11)

The determination of δP (n) allows stating the change in |S̄| as:

δS(n) =
δP (n)

cos(θ(n))
+ δθ(n)|S̄|(n) tan(θ(n)) (4.12)

|S̄|(n+1)
= |S̄|(n) + δS(n) (4.13)

where:
δθ(n) = θ(n) − θ(n−1) (4.14)

δPF (n) = −δθ(n) sin(θ(n)) (4.15)

Using the equations for ∆Ps and ∆Pz

∆PS = − P∆θ tan(θ)

1−∆θ tan(θ) + tan2(θ)
(4.16)

∆PZ = −V
2

Z
∆θ sin(θ) (4.17)
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Equations (4.16) and (4.17) are combined with equation (4.12) to provide a formu-

lation for KpF , that is:

Kpf [n] =
∆P [n]− P∆PZ [n]− 2P∆PS[n]

P∆PZ [n] + 2P∆PS[n]
. (4.18)

Kqf [n] =
∆Q[n]− P∆QZ [n]− 2P∆QS[n]

P∆QZ [n] + 2P∆QS[n]
. (4.19)

The analysis presented in equations (4.6) through (4.19) indicates that the newton-

phaselet method requires performing four sets of calculations for each value of P .

These calculations are:

1) Calculating |S̄|: These calculations are performed by using the Newton itera-

tions. At each iteration one element of vector AAA is determined

2) Calculating θ: These calculations are performed by using the phaselet frames to

process the vector AAA at each iteration. The phaselet frames are realized by the

HPF FIR filters

3) Calculating Q: These calculations are performed after |S̄| and θ are determined

a value for Q for a given value of P can be calculated as: Q = P tan(θ).

4) CalculatingKpf andKqf : These calculations are performed after θ is determined.

A value of KpF is determined using equation (4.18) and Kqf is determined using

equation (4.19)

The aforementioned calculations can be made into an algorithm, which is shown in

the flowchart of Figure 4.1.

The determination of KpF can be used to identify the appliances that are ON or

OFF. The identification of the status of appliance, using KpF is accomplished based
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Figure 4.1: Flowchart for ZIP modeling using phaselet frames. Table 4.1 provides
values of KpF and KqF for different household appliances.

on a standardised value, of KpF for different appliances. These values of KpF are

provided in Table 4.1

4.3 Performance Results

The algorithm in Figure 4.1 was realized by a MATLAB/SIMULINK model for per-

formance evaluation. The developed model had its inputs as values of P (measured),

while its outputs were ON-OFF status of appliances. In this thesis, status of sam-

ple appliances are shown to demonstrate the performance of the Newton-phaselet

method. The sample appliances are:

a) Water heater;
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Table 4.1: Standardized values for KpF and KqF

Appliance KpF KqF

1φ AC 0.90 -2.70
Water Heater 2.40 0.05
Range top oven 2.40 0.02
Baseboard Heater 2.40 0.07
Clothes washer 3.00 1.80
Refrigerator 0.53 -1.50
Fluorescent lights 1.00 -2.80
Motorised tools 2.50 1.20
Fan Motors 2.90 1.70

b) Stove;

c) Fridge;

d) Heater.

The tests of the Newton-phaselet method were carried out using several sets of col-

lected data from different residential units in Fredericton, New Brunswick, Canada.

The test data was collected over different seasons of 2013, 2014 and 2015. It should

be noted that the algorithm can provide the status of other appliances. However, the

previous appliances are widely considered as target appliances for demand response

programs. The following subsections present and discuss results obtained for test

data. It should be noted that the tolerance ǫ (in the flowchart of Figure 4.1) was

set to ǫ = 0.0001. The value of ǫ was selected to ensure a finite number of Newton

iterations for each value of P (measured), which was the input for the algorithm.

Finally, in all results plotted in this section, the values of Pc (calculated by the

developed algorithm) were scaled by 0.75 in order to distinguish Pc from P
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4.3.1 First Data Set

This set of data was measured using PowerHouse Dynamics emonitor digital me-

tering system [31], which can provide measured values for 130 energy consumptions

on various appliances in a residential unit. The first data set was recorded between

8:06 AM until 11:00 AM during a day in March 2013. This set of data was collected

over the 3 hour interval at a rate of 1 sample/5 minutes. The calculated values of

|S̄|, θ and Q, along with the values of P (inputs to the algorithm) for the first data

set are shown in Figure 4.2. The values of θ (calculated) and P (measured) were

used to complete the ZIP model in order to evaluate KpF . The evaluation of KpF

allowed for identification of the ON-OFF status of the water heater, fridge, stove

and heater in the residential unit, for which P was measured. Figure 4.3 shows

the ON-OFF status for the aforementioned appliances. The results in Figure 4.2

show that the Newton-phaselet method was able to converge with good accuracy.

This convergence could be seen from the close match between Pc and P (measured)

shown in Figure 4.2 (a). 4.2 (b) shows the calculated |S̄|, where the convergence of

Pc implied accurate values of |S̄|. Similar observations can be made for the calculate

values of θ (in Figure 4.2 (c)) and Q (in Figure 4.2 (d)).

The accurate calculation of Q allowed determining KpF (using the ZIP model),

which was used together with Table 4.1 to identify the ON-OFF status of the water

heater, fridge, stove, and heater as shown in Figure 4.3. The accuracy of identifying

the status of the target appliances was demonstrated by comparing the output of

the Newton-phaselet method with the measured power consumption for the water

heater and fridge, as shown in Figure 4.4. The identified ON-OFF status of the

water heater and fridge demonstrated good agreement with the measured power

consumptions of these two appliances. For purposes of demonstrating the accuracy

41



6 12 18 24 30 36 42 48 54 60 66 72 78 84 90 96 102 108 114 120 126 132 138 144 150
−0.4

−0.3

−0.2

−0.1

0

Time [min]

−40

−20

0

−40

−20

0

−40

0.1

0.2

0.3

0.4

0.1

0.2

0.3

0.4

0.75Pc [p.u.]P [p.u.]

S [p.u.]

Q [p.u.]

(b)

(c)

(a)

θ [degrees]

(d)
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42



6 12 18 24 30 36 42 48 54 60 66 72 78 84 90 96 102 108 114 120 126 132 138 144 150
0

0.1

0.2

0.3

0.4

Time [min]

0.1

0.2

0.3

0.4

0.1

0.2

0.3

0.4

0.1

0.2

0.3

0.4

P [p.u.]

P [p.u.]

P [p.u.]

Stove Status

P [p.u.]

(a)

Fridge Status

(b)

(c)

(d)
Heater status

Water Heater Status

Figure 4.3: Performance results from the first data set: (a) water heater ON-OFF status, (b) fridge ON-OFF status, (c)
stove ON-OFF status, and (d) heater ON-OFF status.

43



of the newton-phaselet, the actual and determined ON-OFF status for the water

heater and fridge, along with KpF are shown in Figure 4.3.

4.3.2 Second Data Set

This second data set was retrieved over a time interval of 24 hours in Fredericton,

New Brunswick during the month of October 2014. This set of data was collected

using an Itron CENTRON R© II. The second set of data was collected over the 24

hour interval at a rate of 1 sample/1 minute. Figure 4.5 shows the calculated values

of |S̄|, θ and Q, as well as P for the second data set. The values of the calculated

θ and measured P were used to complete the ZIP model, which provided values

for KpF . Obtained values of KpF allowed the identification of the ON-OFF status

of the water heater, fridge, stove and heater in the residential unit, where P was

measured. The results in Figure 4.5 show consistent ability of the Newton-phaselet

method to converge with proper accuracy. This convergence could be seen in Figure

4.5 (a) which indicated a close match between Pc and P . Furthermore, Figure 4.5

(b) shows the calculated |S̄|, where the convergence of Pc indicated accurate values

of |S̄|. In a similar manner, the convergence of Pc supported the accurate calculation

of both θ (in Figure 4.5 (c)) and Q (in Figure 4.5 (d)). The accurate calculation

of Q allowed determining KpF (using the ZIP model), which was employed, along

with Table 4.1 to identify the ON-OFF status of the water heater, fridge, stove, and

heater. The ON-OFF status of these appliances are shown in Figure 4.6.

4.3.3 Third Data Set

The third data set was retrieved over a time interval of 24 hours in Fredericton, New

Brunswick during the month of January 2015. This set of data was collected using
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an Itron CENTRON R© II, at a rate of 1 sample/1 minute. Figure 4.7 for the third

data set shows the calculated values of |S̄|, θ, Q, and P . The ZIP model which was

completed using the calculated θ and measured P , was used to calculate KpF . The

obtainedKpF allows for identification of the ON-OFF status of the water heater,

fridge, stove and heater in the household for which P was measured. Figure 4.7

shows that the Newton-phaselet method was able to converge accurately which was

due to the close match between Pc and measured P which can be seen in Figure 4.7

(a). Figure 4.7 (b) shows the calculated |S̄|, where the convergence of Pc implied

accurate values of |S̄|. Similar observations can be made for the calculate values of θ

(in Figure 4.7 (c)) and Q (in Figure 4.7 (d)). The accurate calculation of Q allowed

determining KpF (using the ZIP model), which was used together with Table 4.1 to

identify the ON-OFF status of the water heater, fridge, stove, and heater as shown

in Figure 4.8.

Table 4.2 summarizes the accuracy in identifying the appliances (water heater, stove,

fridge and heater) considered as target appliances in the previous tests. It should be

noted that the identification accuracy was determined as the difference between the

status obtained through the algorithm and the actual status of each target appliance.

Table 4.2: Performance criteria for individual loads

Criteria for Identification Accuracy
Water Heater 86%
Fridge 57%
Stove 83%
Heater 80%

In order to provide further insight, Table 4.3 provides the execution time and

memory requirement for the Newton-phaselet algorithm for each tested data.
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Table 4.3: Performance criteria of all data sets

Criteria First Data Set Second Data Set Third Data Set
Time of Execution 10 µsec. 10 µsec. 10 µsec.
Memory Requirement 100 kB 100 kB 100 kB

For the sake of highlighting the advantages of the developed method, a comparison

with the artificial neural network (ANN) and Markov chain (MC) based methods is

provided in terms of the memory requirements, computational requirement, training

data, accuracy, and the need for historical data. The summary of this comparison

is listed in Table 4.4.

Table 4.4: Performance comparison of the Newton phaselet, ANN, and MC methods:

Criteria Newton phaselet ANN MC
Memory requirement Low High High
Computational requirement Low High High
Training data Not Required Required Required
Accuracy 77% 80% 87.5%
Historical Data Not Required Required Not Required

The performance of the ANN and MC based methods were obtained from the details

in references [1, 11, 13].

The data in Table 4.3 demonstrates simple implementation of the Newton-phaselet

algorithm as indicated by the execution time and memory requirements. In addition,

the performance comparison summarized in Table 4.4 indicates the advantages that

can be offered by the Newton phaselet method over the ANN and MC based methods.

Finally, the data in Table 4.2, Table 4.3 and Table 4.4, along with test results provide

support to the application of the Newton-phaselet method in smart grid functions.
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4.4 Summary

This chapter has presented the development of an algorithm for the Newton-

phaselet method. The developed algorithm has been implemented using MAT-

LAB/SIMULINK software for purposes of evaluating its performance. Three sets

of data have been used in the performance evaluation. These sets of data have

been provided as collections of measured power of three different residential units in

Fredericton, New Brunswick during 2013, 2014 and 2015. In all performance tests,

the algorithm has shown a good ability to converge, along with good consistency

in the accuracy of the obtained results. The results obtained from these tests have

demonstrated that the Newton-phaselet method is insensitive to load types and rate

of data sampling. Finally, performance results confirmed the ability of the developed

method to provide accurate ON-OFF status of target appliances without the need

for training.

52



Chapter 5

Conclusions and Future Work

5.1 Summary

The interests in implementing smart grid functions have motivated several research

works that aim to optimize the modeling and control of the target loads within any

utility power system. One of the widely used smart grid functions is the demand

response, that is applied to residential and small commercial loads. Similar to the

other smart grid functions, the research activities in optimizing the demand response

have been mostly focused on developing models for the target residential and small

commercial loads. Desired models are mainly required to accurately provide the

ON-OFF status of controllable appliances in target residential or small commercial

loads. Available models are based on statistical and pattern recognition approaches,

which mandate collecting significant amounts of data for training and tuning.

This thesis has presented an alternative approach based on the ZIP model, where

the needs for training and tuning data can be eliminated. However, the ZIP model

requires values for the active power P and the reactive power Q of the load in order

to decompose the power consumptions among appliances. As typical power meters
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only provide P , the determination of Q becomes a challenge. Such a challenge can

be overcome by employing numerical methods and concepts of signal processing.

The combination of Newton iterations and phaselet frames has been implemented

as an algorithm to provide Q, which allows for utilizing the ZIP model in residential

and small commercial loads.

Performance results of the Newton-phaselet method have demonstrated good accu-

racy, along with insensitivity to the sampling rate of the measured power. In addi-

tion, performance results have shown that accurate updates of ON-OFF statuses of

appliances can be achieved by the proposed method without needs for training data.

The simplicity and accuracy of the Newton-phaselet method supports its validity

and applicability in demand response programs.

5.2 Conclusions

The research work in this thesis has been focused on developing a new approach for

modeling RSCLs and determining the ON-OFF status for the appliances in these

loads. The motivation for this work has been driven by the growing interests in

simplifying the implementation of a smart grid function, in particular, the demand

response. The method developed and tested in this thesis has been based on combin-

ing Newton iterations and phaselet frames in order to calculate a value of reactive

power Q. The calculated Q and measured active power P can complete the ZIP

model, which has standardized parameters for the power consumption of each appli-

ance. These standardized parameters can provide the ON-OFF status of appliances.

The Newton-phaselet algorithm has been developed and successfully tested for dif-

ferent sets of collected power meter data. The features of the developed algorithm

together with its performance allow drawing the following conclusions:
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• The ZIP model approach can offer simpler and more optimal realization of

demand response than statistical and pattern recognition approaches.

• Phaselet frames can provide effective and accurate tool for processing the active

power in order to calculate the magnitude and phase of the apparent power

(|S̄| and θ).

• The combination of Newton iterations and phaselet frames neither affects the

stability of phaselet-frames nor does it affect the convergence of Newton iter-

ations.

• The ZIP model can provide accurate determination of ON-OFF status of ap-

pliances without needs for collecting data for training and tuning.

• The Newton-phaselet algorithm can offer an optimized structure for non-

intrusive load modeling (NILM) for smart grid applications.

5.3 Contributions

The research work presented in this thesis has made several contributions that can

be summarized as:

• The employment of the ZIP model for obtaining ON-OFF status of appliances

in RSCLs.

• The development of a modeling approach for realizing NILM without needs of

training or tuning.

• The successful realization of phaselet frames, using FIR filters, for processing

signals in power system applications (e.g. determining |S̄|, θ, and Q using only

P ).
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• The development of a functional algorithm to determine the ON-OFF status

of appliances using only power meter readings, which is done on a one-reading

basis.

• The successful evaluation of the performance of the Newton-phaselet method

in completing the ZIP model in order to determine the ON-OFF status of

appliances in RSCLs.

5.4 Future Work

The developed Newton-phaselet approach for determining the ON-OFF status of

appliances in RSCLs can provide grounds for future research works in different areas,

some of such research works can be identified as:

• Introducing new features for identifying the ON-OFF status for appliances that

do not have standardized values of KpF (e.g. Television, dryers, microwaves,

etc.). One possible feature can be expressed by the changes of |S̄| with respect

to changes in θ

• Utilizing the phaselet frames for designing new phase-locked-loop (PLL) de-

vices for possible applications in grid-connected power electronic converters

and renewable energy systems.

• Extending the developed Newton-phaselet algorithm for applications in indus-

trial loads.

• Adapting the ZIP model for applications in micro-grid systems, where load

modeling is critical for maintaining stable functions of the micro-grid systems.
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Appendix A

Definitions of Power Components

in IEEE 1459-2000 Standard

For a 1φ system, the IEEE 1459-2000 Standard provides definitions for all compo-

nents of power under any voltage and current. These definitions include sinusoidal

and non-sinusoidal voltages and/or currents that can be defined as [23–25]:

v =
√
2V1 sin (Ωst− θ1) +

√
2
∑

m 6=1

Vm sin (mΩst− θm) (A.1)

i =
√
2I1 sin (Ωst− γ1) +

√
2
∑

m 6=1

Im sin (mΩst− γm) (A.2)

where m ∈ Z is the harmonic order. In addition, the rms values of the voltage and

currents can be expressed as:

Vrms =

√

V 2
1 +

∑

m 6=1

V 2
m =

√

V 2
1 + V 2

h (A.3)

Irms =

√

I21 +
∑

m 6=1

I2m =
√

I21 + I2h (A.4)
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Equation (A.1), (A.2), (A.3), and (A.4) can be used to state the components of the

power as [23–25]:

I- The active power P :

P = V1I1 cos (θ1 − γ1) +
∑

m 6=1

VmIm cos (θm − γm) (A.5)

II- The reactive power Q:

Q = V1I1 sin (θ1 − γ1) +
∑

m 6=1

VmIm sin (θm − γm) (A.6)
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Appendix B

Tight Frames

If a set of basis functions, {ννν0, ννν1, . . . , νννp} with p ∈ Z and p <∞, spans a space W ,

then any function λ can be projected onto W . The projection of λ onto W provides

an expansion of λ as [23–29]:

λ =
∑

p

gpνννp; gp ∈ R. (B.1)

where the set of coefficients {gp} is obtained by the inner product operation as:

gp = 〈λ, νp〉 (B.2)

A subset of the basis functions, {ννν0, ννν0, . . . , νννd} with d ∈ Z and d < p, are a frame

in W if it satisfies the following condition:

A ‖λ‖2 ≤
∑

p

| 〈λ,νννp〉 |2 ≤ B ‖λ‖2 ; ∀λ ∈ W . (B.3)

where A ∈ R, such that B ∈ R and 0 < A ≤ B <∞, are the lower and upper frame

bounds, respectively. If A = B, then the frame is a tight frame.
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