COMMERCIAL, INDUSTRIAL AND HOUSEHOLD
ELECTRICAL LOAD MODELLING AND SHORT-TERM
LOAD FORECASTING

By

Hla U May Marma

A thesis submitted to the
School of Graduate Studies

in partial fulfillment of the requirements for the degree of

Master of Engineering

Faculty of Engineering and Applied Science

Memorial University of Newfoundland

October 2020

St. John's Newfoundland and Labrador Canada



Abstract

In this thesis, a transfer function-based load model is determined for commercial and
industrial load. This model is derived from the composite load model which consist of an
induction motor and static load. This developed model is compared to composite load
model by considering two cases: 1) a small motor composition load or commercial load
and 2) higher motor composition load or industrial load. The research is conducted through
MATLAB/Simulink simulation. In order to compare the dynamic response of developed
model, a comparative study has been done between the two models. In addition, the
influence of voltage and frequency dependency terms on the overall model accuracy for
developed model has been evaluated through several case studies considering both voltage
and frequency dependency disturbances.

A short-term load forecast model is developed for an electrically heated house. This
research work is based on experimental data collected by installing current sensors in a
house in St. Johns, Newfoundland, Canada. The data was collected for three years and only
one-year data is used for this model. The model is based on Recurrent Neural Network
(RNN) with wavelet transform. The proposed model is verified by comparing other
developed models in the literature through MATLAB deep learning toolbox and wavelet

toolbox. The proposed model can more accurately forecast the load.
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Chapter 1

Introduction

1.1 Background

Load model and forecasting has significant impact on power systems and smart grids
analysis, planning and control. The advantages of adequate load representation are briefly
presented in [1,2]. Different uncertainty factors such as weather-dependent compositions load,
diverse load components, the lack of high frequency data and detailed load information cause
the most challenging part to develop an adequate load model and improvement of the load
forecasting accuracy in power system simulation.

Load modeling means to develop a mathematical representation of the real power (P) and
reactive power (Q) in terms of the bus voltage magnitude (V) and the frequency (f) which
represents approximate load behaviors [1]. In the industry, it is common practice to use
relatively simple load models for power system studies [2]. Load models is used in dynamic
power system studies [3]-[9]. The aim of studies dynamic load model is to analysis the transient
stability, small-disturbance stability, longer-term dynamics [10]. 35% of Americas and 25% of
the overall world industries use different load models for different load classes in dynamic
power system studies [10].

Currently, industries use several load models for dynamic load model studies and it is
reported in [11] that a composite load model consists of ZIP and induction motor is dominant
practice in the USA as shown Fig. 1.1. Another well known dynamic load model form is transfer

function-based load model, composed of a static part and a dynamic part and this model



represents the real power and reactive power as a function of both voltage and frequency [12].

In this thesis, the two models have been compared together through the same event.

Composite model
Constant P
Constant 1

ZIP

Exponential

ZIP+IM

Percentage

Fig. 1. 1. Adopted load model in USA industries for dynamic power system studies [11].

Load forecasting model are used in power system operation including decision-making in
the power system, financial and supply planning, demand-side management and so on, helps to
optimize utilities and reduce the electricity cost [15]-[17]. Based on [14] short-term prediction
has a direct application for quick electricity demand response among all load forecasting
methodologies. Recently, research has designated computational intelligence short-term load
forecasting methods and it is shown that hybrid neural networking is more suitable for STLF.

The research of load forecasting based on the house electrical load is limited compared to
commercial and industrial electrical load. The U.S. Energy Information Administration (EIA)
reported in 2019 that electricity use in the residential and commercial building sectors increases
rapidly; and energy consumed in the buildings sector includes residential and commercial
building increases by 1.3% per year [13]. Therefore, house electrical load studies are very
important as it represents important load class. But individual house power consumption data is

highly uncertain compared to commercial and industrial load classes [18]. Although there are



several models used by researchers to improve the load forecast, the characteristic of individual

house data causes serious difficulty to improve the accuracy of load forecast [19].
1.2 Objective of the Research

The goal of this thesis is to develop a transfer function-based load model for commercial,
industrial load; and model a short-term load forecasting method for electrically heated house
load. The goal will be achieved through the following objectives:

1. Derive a transfer function-based load model from the composite load model for

commercial and industrial load,;

2. Design a transfer function-based load model and composite load model using
MATLAB’s Simulink and carry out experimental measurements to evaluate the
accuracy of the proposed model;

3. Propose a topology for short-term load forecasting of electrically heated house load that
is capable of increasing the accuracy of prediction;

4. Construct the proposed short-term load forecasting model using MATLAB’s deep
learning toolbox and wavelet toolbox; and carry out experimental measurements to

validate the performance of the proposed model.
1.3 Contribution of the Research

The specific contributions of the research are presented in four categories based on the
chapters of the thesis as follows:
1. Investigation and Study of the dynamic load models and short-term load forecasting

methods (Chapter 2)



The unique principles and features of the basic topologies of load model is discussed in this
chapter. Different types of load models and topologies that are used to dynamic load models
were presented. In this chapter, several recent proposed short-term load forecasting methods
based on RNN were discussed and their features are highlighted.

2. A transfer function-based load model is developed and validate the performance for

commercial load (Chapter 3)

A transfer function-based load model is developed analytically from a composite load
model. The developed model has a 1% order voltage term, a 1% order frequency term, a 2" order
voltage term, a product of a 1% order voltage and a 1 order frequency term, and a product of a
2" order voltage and a 1% order frequency term. The coefficients of these voltage and frequency
terms are 3rd order transfer-functions and this provides the reason of have better performance
of the 3rd order transfer-function in the past research. A comparison between the developed
transfer function-based load model and the original composite load model is studied and
analyzed in this chapter. Three levels of simplification of the transfer function-based load model
are subjected to evaluate the performance of the developed load model.

3. A transfer function-based load model is developed and evaluate the accuracy of

developed model for industrial load (Chapter 4)

A transfer function-based load model is derived analytically from a composite load model.
A comparison between the developed transfer function-based load model and the original
composite load model is evaluated for a high motor composition load (industrial load).

4. A short-term load forecasting method for is developed and validate the accuracy of the

proposed model using electrically heated house load data (Chapter 5)



A short-term power load forecast model of an electrically heated house in St. John’s,
Newfoundland, Canada is proposed in this chapter. The detailed procedure to construct the
short-term load forecasting method based on RNN and wavelet transform is discussed. The

accuracy of the proposed model is studied and analyzed in detail.

1.4 Thesis Outline

This thesis consists of three manuscripts and all manuscripts have been already published.
The thesis outline is organized as follows:

In Chapter 1, the importance of the research topic is introduced; the objectives of the
research work are described.

In Chapter 2, a literature review for the research work is presented. The main objective of
this thesis is modeling and forecasting of commercial, industrial and a house electrical load.

In Chapter 3, a transfer function-based load model is derived analytically from composite
load model based on an induction motor and static load (the Detailed transfer function-based
load model derivation and initial value calculation can be found in Appendix A and Appendix
B). A comparative study of composite load model and transfer function-based load model has
been conducted through MATLAB/Simulink simulation by using small motor composition load
for various voltage and frequency disturbances. The developed transfer function-based load
model is verified by comparing with composite load model for voltage and frequency
disturbance. In this chapter, the error of simplification levels of transfer function-based load
model are evaluated, three levels of simplifications are made to the full model of transfer
function-based load model. Each simplified model is compared against the original composite

model. This study is conducted for a combination of a small induction motor, 25 HP and large



static load, 120KW. This comparative study evaluates the errors caused by simplification levels
of the full model. A version of this chapter has been published in the IEEE Transactions on
Industry Applications in September/October 2019 regular issue.

In Chapter 4, a transfer function-based load model is developed for industrial load A
transfer function-based load model and composite load model have been compared through
MATLAB/Simulink simulation by using high motor composition load. The high motor
composition load (i.e. induction motors are dominant in the load composition) is an important
load class and used for industrial facilities. In this chapter, several case studies are conducted
using the sample system to evaluate the accuracy of derived model for voltage and frequency
disturbance. A version of this chapter has been published in the proceedings of 2019 IEEE
Canadian Electrical Power and Energy Conference (EPEC).

In Chapter 5, a robust short-term power load forecast model of an electrically heated house
in St. John’s, Newfoundland, Canada is proposed. This method is developed by using neural
network based on wavelet transform. SWT are used to decompose the original data and a neural
network consists of a Bi-LSTM and a LSTM with dropout layer. The accuracy of the proposed
model is evaluated by comparing it against other developed short-term load forecasting models
which are subjected to two seasonal load classifications. A version of this chapter has been
published by European Journal of Electrical and Computer Engineering, ISSN (Online): 2506-
9853.

In Chapter 6, the research outcomes are summarized, and the potential future research

scope is addressed.
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Chapter 2

Literature Review

2.1 Load Model

According to [1], in power system engineering, ‘Load’ can be defined as 1) 1) Load Device:
a device, connected to a power system, that consumes power; 2) System Load: the total power
(active and/or reactive power) consumed by all devices connected to a power system; 3) Bus
load: a portion of the system that is not explicitly represented in a system model, but rather is
treated as if it were a single power-consuming device connected to a bus in the system model,;
4) Generator or plant load: the power output of a generator or generating plant. Among these,
‘bus load’ is the main concern for bulk power system studies.

A load model is a mathematical representation of the relationship between a bus voltage
magnitude (V) and the frequency (f) and the real power (P) and reactive power (Q) or current
flowing into the bus [1]. In order to analysis the load model with effectively, grouping of loads
into several classes are important. As per [1], a load is classified in three categories: 1)
residential, 2) commercial and 3) industrial.

A static load models that expresses the active and reactive powers at any instant of time as
functions of the bus voltage magnitude (v) and the frequency (f) at the same instant. Static load
models are used both for essentially static load components, e.g., resistive and lighting load. The
commonly known static load models are exponential load model as shown in (2.1) and (2.2);

constant impedance (Z) load model, constant current (I) load model, constant power (P) load



model, ZIP load model as shown in (2.3) and (2.4), EPRI LOADSYN static load model as

shown in (5) and (6).
14
P= P, (vi) (2.1)
v\4
Q= (%) (22)
Where, p and q the exponents of (2.1) and (2.2). With these exponents equal to 0, 1, or 2,

the model represent constant power, constant current, or constant impedance characteristics,

respectively.
2
P =P, ( ap(2) +by(2)+ cp) (1 + kyAf) (2.3)

Q= Qo ( a, (;’—0)2 +by (2) + cq) (1 + kqpAf) (2.4)

Where, a,, by, ¢p, g, bg, cq, Pa1, Qqq are the coefficients; k¢, k,r parameters frequency

sensitivity.
P=PofPur (2) 7" [1+ Kppsdf] + (1= P (2) 7} (2.5)
Q=P {Qal (%)qu [1 + qu1Af] + (g—z - Qal) (:_O)vaz [1 + quzﬂf]} (2.6)

Where, Kpy,1, Kpva, Kqv1, Kqv2 VOltage exponents for frequency dependent and independent
real and reactive power, respectively; K, ¢, K, ¢ are the frequency sensitivity coefficients for
real and uncompensated reactive power load; K, is the frequency sensitivity coefficient for
reactive power compensation.

A dynamic load model that expresses the active and reactive powers at any instant of time

as functions of the voltage magnitude and frequency at past instants of time and, usually,
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including the present instant. The widely used dynamic load models are induction motor (1M),
exponential recovery load model (ERL).

Some scientific papers focus on developing a composite load model, consists of static and
dynamic load model. A comparative study among composite load model, static load model and
dynamic load model has been conducted in [2], [3] and concludes that composite models can
capture more accurate dynamic responses of the loads to disturbance. The widely used
composite load models are including a composition of induction motor and ZIP load model [8]-
[10]; Complex Load Model (CLOD); and Western Electricity Coordinating Council (WECC)
composite load model [4]-[6]. A composite load model consists of ZIP and induction motor is
one of appropriate form to describe both dynamic and static properties of the load. [7] estimated
that 30% of USA industries practice this model due to its simplicity with clear physical meaning.
Mathematically, ZIP model and the induction motor can be represented by third order
differential equations [13] and polynomial equations [1], respectively.

There are many published techniques to determine the parameters of load model.
Measurement-based approach is usually used in the composite load model based on ZIP and
induction motor [8]-[12]. For the measurement-based methods, field measurement data or lab
testing results are recorded. Therefore, it provides actual field data to capture load
characteristics.

During the past decades, another well-known form for dynamic load studies known transfer
function-based load model is reported [14]-[25]. This model also contents static and dynamic
properties [16], similar characteristic with the composite load model. In the literature, there are
two streams of research on this model: 1) Consider voltage only; 2) Consider both voltage and

frequency. Although, most of transfer function-based load model [15],[17],[22]-[24]
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mathematically represents the real and reactive power as a function of the bus voltage magnitude
(v) and the frequency (f); [17]-[20] considered only the voltage magnitude (v) in order to
simplify the model complexity of the model. Therefore, it arises the question that only
considering voltage variation is enough to represent the load model or both voltage and
frequency variation need to be considered.

Considering only the voltage variation (AV), the coefficient of transfer function-based load
model can be 1st order [18][19], 2nd order [17][20], or 3rd order [17]. Considering both voltage
and frequency variation, the coefficient of this model can be 1st order [17], or 2nd order [15].
Therefore, it raises the question of what order of transfer-functions should be chosen.

However, based on the literature review, there has no comparison between composite load
model and transfer function-based load model through the same event and no accuracy of model
evaluation by reducing the levels of the model. In this section, the literature review for the

research work is focused on load modeling.

2.2 Load Forecast

Load forecasting plays a vital role in planning electricity distribution networks due to
proper understanding of the future electric load demand. Improving the accuracy of load
forecasting is important to generate scheduling of power system including economic dispatch
and reliability. In the literature, researcher focused on short-term load forecasting method for
different load scenarios among all power system load forecasting methods due to impact of
higher accuracy estimation of electricity demand [37]-[40]. Earlier, load demand was predicted

through the help of charts and tables considering weather condition. The methods of load
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forecasting have moved from traditional techniques to Al techniques [32] due to more accurate
prediction ability compared to others [26],[29]-[31]. The RNN method has high performance
to predict the short-term load forecasting [33] among modern Al techniques including SVM,
ANN, CNN and so on.

A hybridization of neural network with wavelet transform or other learning techniques, is
most prominent technique that receive more attention for short-term load forecasting. A hybrid
deep learning forecasting method provide high performance of load forecasting in terms of time
requirement and accuracy due to ability of learning non-stationary and complex time series data.
Some of the present hybrid deep learning forecasting techniques are reported in the literature.
These methods are a hybrid ARIMA and ANN with DWT based daily peak load forecast [34];
a composition of 1-D CNN and LSTM based power consumption forecast [35]; a composition
of DWT and LSTM based wind power forecast [36]; a hybrid DWT and CRT based load
forecast [27]; SWT with LSTM neural network based load forecast [28]. Neural network learns
the features of the data [27]-[28],[35]-[36] but it overfits the prediction model for large neural
networks [41]. Therefore, it reduces the short-term load forecasting accuracy. In this section,

the literature review for the research work is focused on load forecasting method.

2.3 Outcomes of the Thesis

In this thesis, the transfer function-based load model is developed from composite load model
for commercial and industrial load. The accuracy of developed load model is verified investigated
by several case studies through MATLAB/Simulink simulation. A STLF model is proposed for
a house electrical load using RNN with wavelet transform techniques; and proposed model is

verified through MATLAB deep learning toolbox and wavelet toolbox by using the collected
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current sensors data of a house. The proposed approaches and outcomes of the thesis are described

as follows:

In chapter 3, a transfer function-based load model for commercial load is developed
analytically using a composite load model. This model is verified by compering the original
composite load model by applying various voltage and frequency disturbances. The
influence of voltage and frequency dependency terms on the overall model accuracy for

developed model is evaluated by three levels of simplifications of full model.

In chapter 4, a transfer function-based load model for large motor composition is developed.
The dynamic responses of the developed model are compared to original composite model

and verified the accuracy of developed model by four cases.

In chapter 5, a STLF model is developed for a house electrical load using current sensors
data of the house. A SWT technique is used to decompose the input data and RNN is used
to extract the feature and predict the load. The accuracy of the proposed model is verified
by several case studies and can forecast the house electrical load more accurately than other

developed model.
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Abstract- The composite load model consisting of an induction motor and a static load has been
adopted by some utility companies in practical power system dynamic studies. Another form of
dynamic load model is the transfer function-based load model. Although both types of dynamic
load models are well accepted, there is no comparison done regarding their performance, and
no evaluation on the influence of voltage and frequency dependency terms on the overall model
accuracy for transfer function-based load models. In this paper, a transfer function-based load
model is developed analytically using a composite load model. Dynamic responses of the
developed transfer function-based load model and the original composite load model are
compared subjected to various voltage and frequency disturbances. The transfer function-based
load model is a function of both voltage and frequency, three levels of simplifications are made
to the full model in order to evaluate the corresponding accuracy. It is found the reduced model
with both the 1% order voltage AV term and 1% order frequency Af term has the smallest error
among the three reduced models.

Keywords- Composite load model, induction motors, linearization, static load, transfer

function.
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3.1 Introduction

Power system planning, operation, and control rely heavily on simulation models. In bulk
power system studies, a load refers to the collective power demand at a substation. A load model
is a mathematical representation of the relationship between the bus voltage magnitude (V) and
the frequency (f), and the real power (P) and reactive power (Q) flowing into the bus, i.e., the
load model can be represented mathematically by P = f(V,f), and Q = g(V.,f) [1].

The composite load model consists of an induction motor and a static load, which is widely
investigated as a dynamic load model for power system dynamic studies in the literature [2]-
[10]. A common form of a static load in the composite load model is the ZIP (constant
impedance, constant current and constant power) model [4]. Mathematically, the induction
motor can be represented by differential equations [11], while the ZIP model can be represented
by polynomial equations [1].

In the composite load model, however, the induction motor is represented by the
conventional equivalent circuit, identification of the equivalent circuit parameters are the
fundamental task of the model creation. The parameters of the composite load model are usually
determined using the measurement-based approach based on recorded field measurement data
or lab testing results. Due to its simple structure, well defined physical meaning, and the ability
to describe both dynamic and static properties of the load, the composite load model has been
adopted by many utility companies for practical system studies [10].

Another form of dynamic load model reported in the literature is the transfer function-based
load model [11]-[22]. The nature of the power system transfer-function has been investigated in

[13], it is found that the power system transfer-function is composed of a static part and a
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dynamic part. This characteristic matches with that of a composite load model. The load model
is defined as a function of both voltage and frequency, and thus, it has voltage dependency and
frequency dependency characteristics. Based on the published papers, the transfer function-
based load model developed by the researchers can be categorized into two streams: 1) Consider
voltage only; 2) Consider both voltage and frequency.

In [14]-[17][22], only the voltage variation (AV) is considered in the transfer function-
based load model. The transfer-function as the coefficient of the load model is 1st order [15][16],
2nd order [14][17], or 3rd order [14]. [14] conducted a comparison between 2nd and 3rd order
transfer-function, together with a 1st order transfer-function with a different load structure
(consider both voltage and frequency). It is found in [14] that the developed 2nd order and 3rd
order load model structures are better in capturing load behaviors during transients than the first-
order load model structure. However, this conclusion is drawn based on a trial and error basis,
there is no explanation in the literature to explain why this occurs in power systems. To
determine the proper order of the transfer-function, [22] proposes a variable-order transfer
function-based load model, where the automatic derivation of the minimum-required order of
the transfer-function for the load model can be achieved through the vector fitting technique.
The 2nd order and 3rd order transfer-functions have been shown in [22].

In [12][14], a power system load model is created by considering both voltage and
frequency variations. [14] uses the 1st order transfer-function for both voltage and frequency
terms for real and reactive power; while [12] proposes a more complicated form, where the
reactive power is related to the voltage variation only without involving a transfer-function, but
the real power is related to both voltage and frequency variation involving a 2nd order transfer-

function. [18]-[20] propose a load model for motor drive systems with 7th order transfer-
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functions considering both voltage and frequency variations. However, such load model is for
power electronic devices with complicated control systems, it does not well represent general
load in power systems.

[12] is the only paper that created both transfer function-based load model and composite
load model for a 30 MW paper mill. The transfer-function in [12] has been discussed in above
paragraph, and the composite load model consists of an induction motor and a static load (a
resistor in parallel with a capacitor). Although each load model is validated by comparing with
field measurement data with a separate event, but they have not been compared together through
the same event.

The questions to be answered for transfer function-based load model for power systems can
be summarized as follows: 1) What is the order of transfer-functions? 2) Should both voltage
and frequency variation be considered? If yes, in what order should they be considered, i.e.,
should we consider AV and AV2? 3) What would be the performance comparison between the
transfer function-based model and the composite load model for a same system?

In the literature, a composite load model and a transfer function-based load model are both
acceptable form of dynamic load models, and the composite load model is more preferred by
utility companies partly due to its easier implementation in utility’s simulation software and
more clear physical meaning [3]. However, there is no comparison conducted for the two load
models in the literature for their performance. The voltage and frequency dependency are major
characteristics of a load model, however, there is no quantity evaluation regarding errors caused
by simplification levels of the model, such as without considering the frequency variation term.

To answer these questions and address existing concerns, in this paper, a transfer function-

based load model is derived analytically from a composite load model using the linearization
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approach [18]. This composite load model has an induction motor and a static load in the ZIP
model form. Once the transfer function-based load model is developed, its dynamic responses
are compared with that of the original composite load model. Three levels of simplifications are
implemented on the developed transfer function-based load model to evaluate the influence on
accuracy due to simplifications. Voltage disturbances, frequency disturbances, and a
combination of voltage and frequency disturbances are applied to the load models for
performance evaluation.

The major contributions of the paper include: 1) a transfer function-based load model is
developed analytically from a composite load model (an induction motor and a ZIP model), the
developed full model has a first order voltage term (AV), a first order frequency term (Af), a
second order voltage term (AV?), a product of a first order voltage and a first order frequency
term (AVAf), and a product of a second order voltage and a first order frequency term (AV2Af),
and the coefficients of these voltage and frequency terms are 3rd order transfer-functions, this
provides insight why the 3rd order transfer-function appears to have better performance in the
past research; 2) the comparison is made between the developed transfer function-based load
model with the original composite load model, which has not yet been done in the literature; 3)
the accuracy of the transfer function-based load model is evaluated subjected to different levels
of simplification.

The paper is arranged as follows: in Section I, the proposed transfer function-based load
model is derived analytically from the composite load model; in Section 111, the accuracy of the
developed transfer function-based load model is verified by several case studies considering
different disturbances; in Section 1V, the accuracy of the transfer function-based load model is

evaluated for different levels of simplification; conclusions are drawn in Section V.
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3.2 Mathematical Derivation of a Transfer Function-Based Load Model from

a Composite Load Model

A combination of dynamic and static load models is known as a composite load model. An
induction motor combined with a ZIP model is a widely used composite load model structure.
In this model, the induction motor represents dynamic and steady-state characteristics, and the
ZIP model only represents steady-state characteristics. The transfer function-based load model
is developed from the composite load model using the linearization approach [18]. Fig. 3.1
represents the transformation from a composite load model to a transfer function-based load

model.

Source @ Source

Load bus Load bus
=l

:( ™M ZIP : Transfer
I 1 function model
- Fs

Fig. 3. 1. Transformation from a composite load model to a transfer-function load model.

To derive the transfer function-based load model analytically from the composite load
model, the linearization technique is adopted [18] by linearizing the whole system equations
including differential equations of the induction motor and polynomial equations of the ZIP

model.

The induction motors can be represented by the following differential equations [11]:
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a¥ s

Vgs = Rgigs — wsWys + " (3.1)
Vgs = Rsigs + 0sWgs + d:fs (3.2)
Var = Rylgr — (05 — ) Wgr + dl:fr (3.3)
Vgr = Relgr + (05 — 0,)Wqr + 8 (3.4)
Was = Lslas + Linlar (3.5)
Wi = Lyigs + Linlqr (3.6)
War = Linlas + Lylgr (3.7)
W = Linigs + Lyigr (3.8)
T, = 1.5P(stiqs — lpqsids) (3.9)
= 3 (T =T (3.10)
Ly= I+ L, (3.11)
L.=L+L, (3.12)
J=% (3.13)
Where,

Va5, ¥ys stator d — and g — axis flux linkages;
Yar, Wgr rotor d — and g — axis flux linkages;
Vgs, Vs Stator d — and g — axis voltages;
Vgr,Vgr FOtor d —and g — axis voltages;
lgs)lgs  Stator d- and g- axis currents;

lgr, lqr  TOtor d- and g- axis currents;
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Ry stator resistance;

R, rotor resistance;

Ly, magnetizing inductance;

lg stator leakage inductance;

Ly total stator inductance;

L, rotor leakage inductance;

L, total rotor inductance;

Wg angular velocity of the stator field in electrical rad/s;
Wy angular velocity of the rotor field in electrical rad/s;
p number of pole pairs;

J Inertia;

H combined rotor and load inertia constant;

T, electromagnetic torque;

Ty shaft mechanical torque;

The following two assumptions are considered [13]:
1) the stator transient of induction motor is negligible, i.e.,

s — 0 and L% =
dt dt

0 (3.14)

2) the rotor of induction motor is shorted:

Vgr =0and vy, =0 (3.15)
A ZIP model incorporates a constant impedance (Z), a constant current (1), and a constant

power (P) term with both voltage and frequency considered as follows [3]:

4

Puip = Pyipo ( a, ( )2 +by(2) + cp) (1 + kyAf) (3.16)

Vo
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Qzip = Qzipo ( aq (;—0)2 + by (;—0) + Cq) (1 + kqrAf)
ap+b, +cp, =1
ag+bg+cy=1

Where, the frequency deviation, Af = f — f;

P;p,Qzp  real power, reactive power of ZIP model,

P;ip0, Qzipo  real power, reactive power of ZIP model in steady state;

v voltage of load bus;

Vo voltage of load bus in steady state;

ap, aq parameters of constant impedance load,;
by, by parameters of constant current load;

Cps Cq parameters of constant power load;

f load bus frequency;

fo load bus frequency in steady state;

kpg kqr parameters frequency sensitivity;

Substituting (3.5)-( 3.8), (3.14)-(3.17) in (3.1)-( 3.4), and (3.9), we have
Vgs = Rslgs — ws(Lsiqs + Lmiqr)

Ugs = Rsiqs + ws(Lsigs + Liniar)

. . . di dig,
0 = Ryigr — (w5 — 0;)(Linigs + Lyigr) + Lim d‘f + er—‘;l

, . : digs digr
0= erqr + (ws — wp) (Lipigs + Lyigr) + Ly dt + L, dt

Te = 1'5P(id1'iqs - iqrids)

(3.17)

(3.18)

(3.19)

(3.20)

(3.21)

(3.22)

(3.23)

(3.24)
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Linearize (3.22)-( 3.26) and use Laplace transform to convert time-domain variables to

frequency-domain variables as expressed as follows:

Avgs = ReAigs — wsoLsAigs — wsoLmAigr — (Lsigso + Lmigro)dws (3.25)

Avys = Rgligs + wsoLgligs + wgoLlpmAigy + (Lgigso + Lipigro)Awg (3.26)

0= (R, + L:S)Aigr + (wyg — wso) LinAigs + (wyrg — wso) Ly Aigy + Ly SAiys + (Lmiqso +

Lyigro)dw, — (Lmigso + Lyigro)dws (3.27)

0=(R,+ LTS)Aiqr + L, SAigs — (Wrg — Wso) LinAigzs — (Wro — Wso) LyAigr — (Linigso +

Lyigro)Aw, + (Limigso + Lyigro)dws (3.28)

SAw, = (140 Aigs — igroligs + igsodiar — iasodiqr) (3.29)
The power source voltage in dg reference frame can be expressed by

Vag = 0 (3:30)

Vag = V2E (3.31)
Since the source voltage is directly applied to the motor stator in this configuration,

therefore, we have

Vgs = Vag (3.32)

v,

o5 = Vag (3.33)

The real power P and the reactive power Q of the induction motor can be formulated by
P == (Vasias + Vgsiqs) (3.34)
Qi = = (Vgsias — Vasiqs) (3.35)
Substitute (3.32)-(3.33) in (3.34) and (3.35), we have

Py = %(ﬁEiqs) (3.36)

29



Qv = %(\/iEids) (3.37)
For the real power P, the Taylor expansion for (3.36) can be rewritten as follows:

Py = Pigo + agdE + aigsdiys + apigsAEAi (3.38)
For the reactive power Q, the Taylor expansion for (3.37) can be rewritten as follows:

Qim = Qmo + beAE + bigsAigs + agiasAEAiys (3.39)

Where, the voltage variation AE = E — E,

ag = 5 (V2igso) (3.40)

Qiqs = = (VZEy) (3.41)
3

Upigs = 75 (3.42)

bg == (VZigso) (3.43)

bias = > (VZEo) (3.44)
3

bpias = 75 (3.45)

Where,

Vag Vag d- and g- axis power source voltages;

E rms phase-to-ground voltage of load bus;

E, rms phase-to-ground voltage of load bus in steady-state;

Py, Qy  real power, reactive power of induction motor;

Pivo, Qo real power, reactive power of induction motor in steady state;
lgsorigso  O-and g- axis currents in steady state;

The induction motor load model can be obtained by rewriting (3.38) and (3.39) as follows:
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PIM = PIMO + GPEIMAE + GPf]MAf + GPE'ZIMAE'2 + GPEfIMAEAf (346)

Q= Qumo + GQeimAE + GQpinAf + GQraimAE? + GQepim AEAf (3.47)

Where, the coefficients are expressed by

F11S3+F3S%+F;3S+F,
GPE[M — 11 - 12 13 14 (348)
N1S3+N,S%2+4+N3S+N,
F>1S34+F,,S%+F,3S+F
GPf[M — 21 22 23 24 (349)
N1S3+N,S2+N3S+N,
F31S3+F35,S%+F33S+F.
GPEZ]M — 31 32 33 34 (350)
N1S34+NS2+N3S+N,
F41S3+F4,S%+F43S+F,
GPEfIM — 41 42 43 44 (351)
N1S3+N,S2+N3S5+N,
Fs51S3+Fs3S%+Fs3S+F.
GQEIM — 51 52 53 54 (352)
N1S3+N,S2+N3S+N,
Fg1S3+Fs;S%+Fg3S+F,
GQf[M — 61 62 63 64 (353)
N1S3+N,S2+N3S+N,
F71S3+F;3S?+F;3S+F:
GQEZIM — 71 72 73 74 (354)
N1S3+N,S2+N3S+N,
Fg1S3+FgpS%+Fg3S+F,
GQEfIM — 81 82 83 84 (355)
N1S3+N,S2+N3S+N,

The load model for induction motors are (3.46) and (3.47), their coefficients are 3" order
transfer-functions as specified in (3.48)-(3.55). In (3.48)-(3.55), the coefficients,
Fi1,Fyy, ..., Fg3, Fg4, ..., N3, N4, are characteristic parameters in real constant numbers. In this
load model, there are four terms: a first order voltage term (AV), a first order frequency term
(Af), and a term with the product of the first order voltage and first order frequency (AVAT).

The ZIP load model can be written in the similar format, and Egs. (3.16) and (3.17) can be
rewritten as follows:

PZIP = PZIPO + GPEZIPAE + GPfZIPAf + GPEZZIPAE2 + GPEfZIPAEAf + GPEZfZIPAEZAf
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(3.56)

Qzip = Qzipo + GQz1pAE + GQrz1pAf + GQpozipAE® + GQprzipAEAf + GQpopzipAE*Af

(3.57)
Where, the coefficients are expressed by

GPgzip = %{W (3.58)
GPfZIP = PZIPOkpf (3.59)
GPgyzip = PZZ)Z% (3.60)
GPgrzip = PZIPO(bzg)zap)kpf (3.61)
GPEZfZIP = PZI%W (3.62)
GQpzip = %:Haq) (3.63)
GQfZIP = QZIPquf (3.64)
GQrozip = QZ;’; . (3.65)
GQgrzip = QZIPO(blgzaq)kqf (3.66)
Gqgzrzip = %%W (3.67)

In the ZIP load model represented by (3.56) and (3.57), the AE2Af term is ignored as the
influence of the high order terms are much smaller.

The transfer function-based load model transformed from the composite load model is
derived by

P == PIM + PZIP (368)
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Q=0Qm+ Qzp (3.69)

The final form of the load model is
P = Py + GP,AE + GP,Af + GP;AE? + GP,AEAf (3.70)
Q = Qo + GO, AE + GQ,Af + GQ3AE? + GQAEAf (3.71)
Where, the initial real power PO and reactive power QO are
Po = Piyo + Pzipo

Qo = Qrmo *+ Qzipo

GP. = P11S3+P135%4+P135+P14 (3 72)
1 N1S3+N,S2+N3S+N, :
GP, = P31S3+P;5824+P,35+P;, (3 73)
2 N1S3+N,S2+N3S+N, '
GP. = P31S3+P3,S%24+P335+P3, (3 74)
3 N1S3+N,S2+N3S+N, :
GP, = P41S3+P43S24+P435+Py, (3 75)
4 N1S3+N,S2+N3S+N, '
GQ, = Q1153+Q1252+Q135+Q14 (3 76)
1 N1S3+N,S2+N3S+N, :
GQ — Q2153+Q2252+0Q235+Q24 (3 77)
2 N1S3+N,S2+N3S+N, '
GQs = Q3153+Q3252+Q335+Q34 (3 78)
3 N1S3+N,S2+N3S+N, :
GQ — Q4153 +Q4252+Q435+Qus (3 79)
4 N1S3+N,S2+N3S+N, :

This developed transfer function-based load model are represented by (3.70) and (3.71),
taking the same format as the induction motor model. Their coefficients are 3rd order transfer-
functions as specified in (3.72)-( 3.79). In (3.72)-( 3.79), the coefficients, P;1, P15, ..., Qu3, Q44,

...,N3, N,, are characteristic parameters in real constant numbers.
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In the composite load model, the level of the induction motor load in the total load is defined

_ Pimo

by, Kpm = P

Because a power system can be essentially represented by an induction motor and a static
load, therefore, the 3rd order transfer-functions in the load model developed in this study can
represent a general large power system, it provides theoretical explanation why the 3rd order
transfer-functions have good performance through previous trial and error practice when

building a transfer function-based load model.

3.3 Case Study through a Motor Load Composition

The derived transfer function-based load model is verified by comparing with the original
composite load model through MATLAB/Simulink simulation using a case study. In this case
study, a composite load model consisting of a 25 HP induction motor and a 120 kW ZIP static
load model, they are parallel connected to the load bus. A three phase programmable voltage
source is used to determine real and reactive power at the load bus. It is assumed that the source
voltage is directly applied to the load bus. As the source voltage is directly connected to the
induction motor stator, the relationship between parameters of the source voltage and the
induction motor are linked together easily.

The composite load model built in Simulink is shown in Fig. 3.2(a). The derived transfer
function-based load model for real and reactive power equations are built in Simulink as shown
in Figs. 3.2(b) and 3.2(c), respectively. The transfer function-based load model includes both
voltage and frequency terms, which represents voltage and frequency dependency of the load
model. To verify their dynamic performance, the same voltage and frequency disturbances are

applied to both models in Fig. 3.2(a) and Figs. 3.2(b) & 3.2(c). In this section, four fault cases
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are considered. In each case, the voltage disturbance and/or frequency disturbance occur(s) at
2.33 s and clear(s) at 0.53 s.

To evaluate the accuracy of dynamic response characteristic curves between the derived
transfer function-based load model and the composite load model, RMSE [23] and the Relative
Error are calculated. The RMSE is used to measure how accurately the model fit the response.
A lower value of RMSE indicates a better fit. The Relative Error in percentage (%) is scale

independent and considered for a good measure.

RMSE = \/% X T (Lg — Ly)? (3.80)

/%xZ’iLl(La—L 2
x 100 (3.81)
1,%Xz?ﬂ Ls?

3.3.1 Data Preparation

Relative error =

In the Case Study, the static load is playing the dominant role i.e. Kpm is small (Kpm
=0.124). The parameters of the induction motor and the ZIP load model inside the composite
load model are listed in Table 3.1. The parameters for the induction motor from [18] and the
parameters for the ZIP model from [6] are adopted. These parameters are used to calculate
coefficients of the 3rd order transfer-functions of the load model, which are given in Table 3.2.

These coefficients are used as the transfer-function blocks in Figs. 3.2(b) and 3.2(c).
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Table 3. 1: Parameters of the induction motor and the zip static load in the composite load

model used in the case study

Components Parameters
Induction Nominal power =25 HP
motor [18] | Nominal voltage v, = 460 V(rms)
Nominal frequency frqeq = 60 Hz
Ry =0.249 Q; I, = 0.0015H; R, = 0.536
l, = 0.0015H; L,, = 58.7 x 1073 H
Inertia, /] = 0.554 kgm2
Nominal speed, 1,greq = 1695 rpm
Pole pairs, p = 2
Load torque, T, = 87.5 Nm
Target speed, n,, = 1695 rpm
ZIP static Real power in steady-state, P;;po = 120 kW
load [6] Power factor = 0.88
a, = 0.28; b, =0.75; ¢, = —0.03
ag =0.20; b, = 0.82; ¢, = —0.02
kyr = 0.14; k,p = 0.29
Power Rated voltage 480 V (rms)
Source Rated frequency f, = 60 Hz
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Fig. 3. 2. The Simulink model structure: (a) the composite load model; (b) the transfer
function-based load model for real power; (c) the transfer function-based load model for
reactive power.



Table 3. 2: Coefficients of the transfer-function load model in the case study

Coefficients Detailed transfer-functions

GP, 2.7992x10353+7.8789%x10552+8.7925x107S+5.8218x 108
3.46165341.1962x10352+1.2101X1055+1.0339x10°

GP, 5.5539x10%53+2.4028x10752+2.7096x10%5+1.7774%x101°
3.461653+1.1962x10352+1.2101X1055+1.0339x10°

GPs 3.489253+558.488552+8.6154X1035+1.2607x105
3.461653+1.1962x10352+1.2101x1055+1.0339x106

GP, 265.462353+1.0918x10552+1.2051x1075+8.3567x107
3.461653+1.1962x10352+1.2101x1055+1.0339X 106

GQ, 3.5893%x10353+8.5802X1055%2+4.9076 X107 S+3.4656x10°8
3.461653+1.1962x10352+1.2101X1055+1.0339x10°

GQ, 5.3539%x10%53+1.9760%10752+2.3716X10°5+1.9254%x1010
3.46165341.1962X10352+1.2101x1055+1.0339x 106

GQ, 9.43765%+1.8818x10352+5.4239x10*5+2.0091x 10>
3.461653+1.1962x10352+1.2101X1055+1.0339x10°

GQ, 244.445353+8.9014x10%5%+1.0349x1075+8.4783%x107
3.461653+1.1962x10352+1.2101X1055+1.0339x10°

3.3.2 Case 1: 90% Voltage Sag

In Case 1, a 90% voltage sag is applied to the source of both the composite load model
(Fig. 3.2(a)) and the transfer function-based load model (Figs. 3.2(b) and 3.2(c)). The dynamic
responses of the real and reactive power for both models during the event are shown in Fig. 3.3.
It is noted that due to linearization, the transfer function-based load model doesn’t fit the
transient response of the composite load model point by point, but rather predicts faster decay
of the transient.

Table 3.3 show that the Relative Error and RMSE of real power for Case 1 with respect to
the composite load model are 0.1718% and 0.9107, respectively. Table 3.4 show that the
Relative Error and RMSE of reactive power for Case 1 are 0.2142% and 1.0828, respectively.

Therefore, dynamic responses of the transfer function-based load model match that of the
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composite load model quite accurately in Case 1. The errors between the two models are due to

the linearization of the nonlinear induction motor.
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Fig. 3. 3. Dynamic responses of both load models for a 90% voltage sag (Case 1): (a) voltage

sag for both models; (b) real power; (c) reactive power.
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3.3.3 Case 2: 50% Voltage Sag

A 50% voltage sag is applied in Case 2 to evaluate the accuracy of the transfer function-
based load model on a more severe voltage disturbance. The dynamic responses for a 50%
voltage sag fluctuates more than a smaller voltage sag, as shown in Fig. 3.4, but the dynamic
characteristics of the transfer function-based load model follows the trend of the composite load

model.
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Fig. 3. 4. Dynamic response of the two load models for a 50% voltage sag (Case 2): (a)
voltage for both transfer-function load model and composite load model; (b) real power; (c)
reactive power
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Table 3.3 show that the Relative Error and RMSE of real power for Case 2 with respect to
the composite load model are 0.9512% and 4.1852, respectively. Table 3.4 show that the
Relative Error and RMSE of reactive power for Case 2 are 3.6642% and 4.5672, respectively.
The errors in Case 2 between the two models responses are much larger than the small 90%

voltage sag.

3.3.4 Case 3: A Frequency Sag

To verify the accuracy of the derived transfer function-based load model for frequency
disturbances, a large frequency drop (1 Hz) is applied to both models. The dynamic responses
of the two load models for Case 3 are compared in Fig. 3.5. Both models have minor dynamic
variations for this disturbance. They match well in general.

Table 3.3 show that the Relative Error and RMSE of real power for Case 3 with respect to
the composite load model are 0.2616% and 1.0070, respectively. Table 3.4 show that the

Relative Error and RMSE of reactive power for Case 3 are 0.1467% and 0.2866, respectively.
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Fig. 3. 5. Dynamic responses of both models for a 1 Hz frequency sag (Case 3): (a) frequency
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3.3.5 Case 4: A combination of a 50% Voltage Sag and a Frequency Sag
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Fig. 3. 6. Dynamic response of both models for a 50% voltage sag and 1 Hz frequency drop
(Case 4): (a) voltage sag for both models; (b) frequency drop for both models; (c) real power;
(d) reactive power.
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Voltage and frequency disturbances are combined in Case 4. A 50% voltage sag along with

1 Hz frequency drop is applied to both models. The dynamic responses of real and reactive

power for both models in Case 4 are compared in Fig. 3.6. Under this combined disturbance, it

shows larger discrepancies at transient responses, however, the transfer function-based load

model still follows the trend of the composite load model well.

Table 3. 3: Errors between transfer function-based load model and composite load model for

real power
Cases Relative Error (%) RMSE (kw)
Case 1: 90% voltage sag 0.1718 0.9107
Case 2: 50% voltage sag 0.9512 4.1852
Case 3: 1 Hz frequency drop 0.2616 1.0070
Case 4: a combination of a 50% 1.0982 4.4209
voltage sag and 1 Hz frequency drop

Table 3. 4: Error between transfer function-based load model and composite load model for

reactive power

Cases Relative Error (%) RMSE (kvar)
Case 1: 90% voltage sag 0.2142 1.0828

Case 2: 50% voltage sag 3.6642 4.5672

Case 3: 1 Hz frequency drop 0.1467 0.2866

Case 4: a combination of a 50% 3.1118 4.7154
voltage sag and 1 Hz frequency drop

Table 3.3 show that the Relative Error and RMSE of real power for Case 4 with respect to

the composite load model are 1.0982% and 4.4209, respectively. Table 3.4 show that the
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Relative Error and RMSE of reactive power for Case 4 are 3.1118% and 4.7154, respectively.
It is found that voltage dependency is more dominant than the frequency dependency even for
a large frequency sag at the scale of 1 Hz. The reactive power responses show larger errors than
the real power responses between the two models.

Based on Tables 3.3 and 3.4, dynamic responses of real power in most cases are less
divergent compared to the corresponding dynamic responses of reactive power. The frequency
drop has relatively less effect on the errors than voltage sags, and the errors for 1 Hz frequency
drop alone is very small.

In general, dynamic responses of both models match very well on the trend, which verifies
that the transfer function-based load model has adequate accuracy for any type of voltage and

frequency disturbances compared to the original composite load model.

3.4 Simplification of Transfer Function-Based Load Model

In this section, three levels of the simplification are made toward the derived transfer-
function load model in Equation (3.70) and (3.71) to evaluate their accuracy comparing with the
original composite load model. The transfer-function load model has a 1st order voltage term
(AV), a 2nd order voltage term (AV?), a 1st order frequency term (Af), and the product of the
1st order voltage and 1st order frequency term (AVAf). Three simplified load models are
considered from the full model: 1) Scenario 1 with the 1st order voltage term alone as shown
in (3.82) and (3.83); 2) Scenario 2 — with the 1st and 2nd order voltage terms as shown in (3.84)
and (3.85); 3) Scenario 3 —with the 1st order voltage and 1st order frequency terms as shown in

(3.86) and (3.87). Scenarios 1 and 2 consider only the voltage dependency of the load model,
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and Scenario 3 considers both voltage and frequency dependency.

P = Py + GP,AE (3.82)
P = Py + GP,AE + GP;AE? (3.84)
Q = Qo + GQ,AE + GQAE? (3.85)
P = Py + GP,AE + GP,Af (3.86)
Q = Qy + GQL4E + GQ,Af (3.87)

To evaluate level accuracy is represented by each reduced model, the same voltage and
frequency disturbances are applied to the transfer function-based full load model, the composite
load model, and the reduced transfer function-based load model. In each case, the voltage and/or
frequency disturbances occur at 2.33 s with a duration of 0.2 s. The mean square error (MSE) is
added to the error evaluation together with RMSE and Relative Error, which can be calculated
by

1
MSE =~ x YL (La — Ly)? (3.88)
3.4.1 Scenario 1 - 1st Order Voltage Term

In Scenario 1, the reduced transfer function-based load model only consider the 1st order
voltage term alone ((3.82) and (3.83)). This is a very commonly used format for transfer
function-based load models reported in the literature. Since there is no frequency dependency
considered, the error caused by frequency variations must be evaluated.

To provide proper verification, we apply two types of disturbances, one type is the voltage

sag alone, another type is the combination of voltage sag and frequency variation. In real life,
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both types of disturbances

variation.

occur, and a voltage sag is often

accompanied by a frequency
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Fig. 3. 7. Dynamic responses of the composite load model, and transfer function-based full
and reduced models (Scenario 1) for an 80% voltage sag; (a) voltage sag for the three models;

(b) real power; (c) reactive power.

Firstly, it is assumed that the power source frequency remains constant, an 80% voltage sag

is applied at 2.33 s with a duration of 0.2 s to the three models (the composite load model, the

transfer function-based full model and reduced model in Scenario 1). Dynamic responses of real
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and reactive power for this event are shown in Fig. 3.7. It is found that the three models are
matching very well when the fault is a voltage disturbance only.

Secondly, a combination of an 80% voltage sag and a 1Hz frequency drop is applied to the
three models at 2.33 s with a duration of 0.2 s. Dynamic responses of real and reactive power
for this event are shown in Fig. 3.8. It is found that the reduced model has a large discrepancy
compared to the other two models because the reduced model does not have frequency term to
include the frequency variation effect.

Tables 3.5 and 3.6 show errors of dynamic responses for both real and reactive power
between the transfer function-based full or reduced model and the composite load model. For
Scenario 1, when the fault is only a voltage disturbance, the reduced model only shows a slightly
higher error than the full model vs. the composite load model. However, when the fault is with
both voltage and frequency disturbances, the reduced model in Scenario 1 create significantly
large errors compared to the full model. For example, the MSE error of real power responses is
2.9375 for the full model and 3.4197 for the reduced model (Scenario 1) when the fault is the
voltage sag only. However, the MSE error of real power responses is 3.5740 for the full model
and 8.8828 for the reduced model (Scenario 1) when the fault is a combination of a voltage sag
and a frequency variation. The reactive power responses follow the similar trend but with a

much higher error for a combination of a voltage sag and a frequency variation.
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Fig. 3. 8. Dynamic responses of the composite load model, and transfer function-based full
and reduced models (Scenario 1) for a combination of an 80% voltage sag and a 1 Hz
frequency drop; (a) voltage sag for the three model; (b) frequency drop for the three models;
(c) real power; (d) reactive power.
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3.4.2 Scenario 2 - 1st Order and 2nd Order Voltage Terms

In Scenario 2, the 1st order and 2nd order voltage terms ((3.84) and (3.85)) are included in
the reduced model, the frequency term are not included. Since there is no frequency dependency
considered, the error caused by frequency variations must be evaluated. Similar to Scenario 1,
we apply two types of disturbances, an 80% voltage sag alone, and a combination of an 80%
voltage sag and a 1Hz frequency drop. Both types of faults are applied to the three models, the
composite load model, the transfer function-based full and reduced models (Scenario 2).

Firstly, it is assumed that the power source frequency remains constant, an 80% voltage sag
is applied at 2.33 s with a duration of 0.2 s to the three models. Dynamic responses of real and
reactive power for this event are shown in Fig. 3.9. It is found that the three models are matching
very well when the fault is a voltage disturbance only. With the 2nd order voltage term, its
accuracy is improved than Scenario 1 without the 2nd order voltage term.

Secondly, a combination of an 80% voltage sag and a 1Hz frequency drop is applied to the
three models at 2.33 s with a duration of 0.2 s. Dynamic responses of real and reactive power
for this event are shown in Fig. 3.10. It is found that the reduced model has a large discrepancy
compared to the other two models because the reduced model does not have frequency term to
include the frequency variation effect.

For Scenario 2, when the fault is only a voltage disturbance, the reduced model have the
exactly same errors as the full model vs. the composite load model as shown in Tables 3.5 and
3.6. However, when the fault is both voltage and frequency disturbances, the reduced model in
Scenario 2 creates significantly large errors compared to the full model. For example, the MSE

error of real power responses is 4.8161 for the full model and 9.5088 for the reduced model
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(Scenario 2). The reactive power responses follow the similar trend but with a much higher error

for a combination of a voltage sag and a frequency variation.
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Fig. 3. 9. Dynamic responses of the composite load model, and transfer function-based full

and reduced models (Scenario 2) for an 80% voltage sag; (a) voltage sag for the three models;
(b) real power; (c) reactive power.
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3.4.3 Scenario 3 — 1% Order Voltage and 1% Order Frequency Terms

In Scenario 3, the 1st order voltage and 1st order frequency terms ((3.86) and (3.87)) are
included in the reduced model, in this model, both voltage and frequency dependency are
considered. A combination of an 80% voltage sag and a 1 Hz frequency drop is applied to the
three models at 2.33 s with a duration of 0.2 s. Dynamic responses of real and reactive power
for this event are shown in Fig. 3.11. It is found that the reduced model in Scenario 3 still has a
large discrepancy compared to the other two models, but its accuracy is much improved than
that of Scenarios 1 and 2.

In Scenario 3, the MSE error of real power responses is 3.5740 for the full model and 7.0544
for Scenario 3 (vs. 8.8828 for the reduced model in Scenario 1 and 9.5088 for the reduced model
in Scenario 2) when the fault is a combination of a voltage sag and a frequency variation. The
reactive power responses follow the similar trend. The error of reactive power for the reduced
model in Scenario 3 is much reduced than that of the reduced models in Scenarios 1 and 2.

Fig. 3.12 shows dynamic response errors for real and reactive power for the transfer
function-based full model and three reduced models (Scenarios 1-3) compared with the
composite load model for a combination of 80% voltage sag and 1 Hz frequency drop at 2.33 s
with a duration of 0.2 s. The errors are calculated using (3.89) and (3.90). It shows that among
the three reduced models, the reduced order in Scenario 3 considering both 1st order voltage

and 1st order frequency terms is the most accurate model.
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Table 3. 5: Errors of transfer function-based full and reduced models vs. the composite load
model for real power

Simplifications Events Relative | MSE | RMSE
Error (%) | (kw) (kw)

Full model 0.3320 | 2.9375]1.7139

80% voltage sag | Reduced model
Scenario 1 - 1st order (Scenario 1) 0.4170 | 34197 1.8492
voltage term alone | 80% voltage sag Full model 0.4925 |3.5740 | 1.8905

and 1 Hz Reduced model
frequency drop (Scenario 1) 0.8378 | 8.8828 | 2.9804
Full model 0.3320 | 2.9375 ] 1.7139

0,
Scenario 2 - 1st order | S07° Voltage sag R?gggﬁgri”(]oz”)'e' 0.3320 | 2.9375 | 1.7139
and 2nd tz:‘:rfg voltage a0 voltage sag | Full model 0.4925 | 3.5740 | 1.8905
and1Hz | Reduced model | aq5q | 95088 | 3.0836
frequency drop (Scenario 2)

Scenario 3 - 1st order | 80% voltage sag Full model 0.4925 | 3.5740 | 1.8905

voltage and 1st order and 1 Hz Reduced model
frequency terms frequency drop (Scenario 3) 0.8282 | 7.0544 ] 2.6560

Table 3. 6: Errors of transfer function-based full and reduced models vs. the composite load
model for reactive power

Relative

. e MSE | RMSE
Simplifications Events E((r)/ro(;r (kvar) | (kvar)
Full model 0.4898 | 4.5528 | 2.1337
80% voltage sag | Reduced model

Scenario 1 - 1st order (Scenario 1) 0.5972 | 5.9853 | 2.4465
voltage term alone | 80% voltage sag Full model 0.5944 | 4.8161 | 2.1946
and 1 Hz Reduced model | 5 597 | 192130 | 4.3833

frequency drop (Scenario 1)
Full model 0.4898 | 4.5528 | 2.1337

0,

Scenario 2 - 1st order | 2070 Voltage sag (Rsec‘l‘r‘];i‘ijo”z“))de' 0.4898 | 4.5528 | 2.1337
and 2nd tg:ﬂ]e; voltage o506 voltage sag | Full model 0.5944 | 4.8161 | 2.1946

and 1 Hz Reduced model
frequency drop | (Scenario 2) 2.3172 | 17.7057 | 4.2078
Scenario 3 - 1st order | 80% voltage sag Full model 0.5944 | 4.8161 | 2.1946
voltage and 1st order and 1 Hz Reduced model 12156 | 7.9266 | 2.8154

frequency terms

frequency drop

(Scenario 3)
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3) vs. the composite load model: (a) real power error in kw; (b) reactive power error in kVar.

3.5 Conclusion

In this paper, a transfer function-based load model is derived analytically from a composite
load model. The developed model has 3rd order transfer-function, and this provides theoretical
explanation why 3rd order transfer-function shows better performance in the past practice for
the general power system load modeling.

A comparative study is conducted between the developed transfer function-based load

model and its original composite load model by applying various voltage and frequency
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disturbances and their combinations. Due to the linearization process, the transfer function-
based load model loses some dynamic characteristics, but it follows the trend of the system
response very well.

Three simplifications are applied to the developed transfer function-based full model,
resulting in three reduced models. It is found that for a combination of a small induction motor
and large static load, i.e. small K, significant error is introduced by the reduced models. Not
considering frequency dependency can cause significant error although this is a common
practice for transfer function-based load models in the literature [14]-[17][22]. Of the three
reduced models, the reduced model with the 1st order voltage and 1st order frequency terms

shows the smallest errors due to its consideration of both voltage and frequency dependency.
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In this chapter, the manuscript is presented with altered figure numbers, table numbers and
reference formats in order to match the thesis formatting guidelines set out by Memorial
University of Newfoundland.

Abstract- There are two common forms of dynamic load models suitable for power system
dynamic studies: a composite load model and a transfer function-based load model. The
composite load model typically refers to a combination of an induction motor and a static load
in the form of ZIP (constant impedance, constant current, and constant power) load. In this
paper, the two types of load models are derived for a high motor composition load, and their
performance is compared and analyzed through several case studies considering both voltage
and frequency dependency of the load models.

Keywords- Composite load model, high motor composition load, transfer function-based load

model, ZIP.

4.1 Introduction

In power systems, the load is represented by “load model”. A adequate dynamic load model
is critical in power system planning and various dynamic studies through computer simulation.
The load model is defined to be the active power (P) and reactive power (Q) as the function of
the bus voltage magnitude (V) and the frequency (f): P = f(V, f), and Q = f(V, f)[1]-[3]. It can be
either in a physical component-based model or a mathematical-based model.

For dynamic load modeling, the most commonly used model is the composite load model
consisting of an induction motor and a static ZIP (constant impedance, constant current, and
constant power) load [4]-[8]. Based on the worldwide survey published in 2013 on load models

used for power system stability studies by utility companies, it is found that the dominant
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practice in the United States is to use a combination of static (typically ZIP) and dynamic load
model (typically induction motor), while use of static load models is prevalent in the rest of the
world [9]. Another type of dynamic load model is transfer function-based load model, which
has been reported in the literature [3], [8], [10]-[13].

Although the composite load model and transfer function-based load model are well
recognized dynamic load models, there is no comparison done between the two types of models
for the same load in the literature. In this paper, we have created both types of load models for
a same high motor composition load, and a comparison of the two models is demonstrated
through case studies. Ref [14] proposes an industrial load model that consists of about 76%
small and large motors and 24% static load. A guideline model is built using 70% induction
motors and 30% static loads for a 108 MW coking oil refinery facility in [3]. The high motor
composition load is very common for industrial facilities, so this study can represent an
important load class.

The paper is arranged as follows: the composite load model are provided in Section |1, and
the transfer function-based load model directly derived from the composite load model is
demonstrated in the same section; A sample system with a 1500 HP induction motor and 120
kW static load is used in the paper, and the data preparation and detailed load models of the
sample system are determined in Section I11; Four case studies are conducted using the sample
system for load models’ voltage and frequency dependency validation in Section 1V,

conclusions are drawn in Section V.
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4.2 The Formulation of Two Load Models

In this paper, to conduct a comparison between the composite load model and a transfer
function-based load model, we choose a same load for load model creation. Fig. 4.1 shows the
two load models, and the conversion from a composite load model to a transfer function-based
load model. As shown in Fig. 4.1, the composite load model consists of an induction motor (IM)
and a static ZIP load. The equivalent circuit of the composite load model can be represented in

Fig. 4.2.

Source (N )Smu'cc

Load bus Load bus
-l

I IM I ZIP : Tr:llrl:.ler
1 function model

Fig. 4. 1. A composite load model is converted to a transfer function-based load model.

Induction

Fig. 4. 2. Equivalent circuit for a composite load model.

Using transfer-functions representing active and reactive power in dynamic load models

for power systems was presented in [10] as follows:

AL(S) _ bpS™+A+b1S+by AV(S)
Lo - anS"+A+a1$+a0 Vo

(4.1)
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In (4.1), only the voltage dependency is considered, the frequency dependency is not
included. Ref [3] proposed a transfer function-based load model for motor drive systems
considering both voltage and frequency dependency.

In this study, to derive the transfer function-based load model from a composite load model
for the same load, the two components in the composite load model, an induction motor and a
static ZIP load, must be represented mathematically. The induction motor can be represented by
a set of differential equations [3]. The static load is a ZIP load, which can also be represented
by a set of equations [14]. Through the linearization process of the two sets of equations, a
transfer function-based load model is determined.

The general formulation for the transfer function-based model is derived in this research
and provided as follows:

P = Py + GP,AE + GP,Af + GP;AE? + GP,AEAf (4.2)
Q = Qo + GQ,AE + GQ,Af + GQ3AE? + GQ,AEAf (4.3)

Where, P and Q are real and reactive power at the load bus in Fig. 4.1. PO and QO are initial
real and reactive power, respectively. GP1 — GP4, and GQ1 — GQ4 are two sets of co-efficients
for real and reactive power, respectively. AE and Af are the voltage and frequency variation,

respectively. This derived transfer function-based load model is in 3rd order.

GP, = P11S3+P13524+P135+P1, (4.4)
N1S3+N,S%2+N3S+N,
P31S3+P;,S%+P,35+P

GP2 — 21 22 23 24 (45)
N1S3+N,S2+N3S+N,
P31S3+P3,5%+P335+P.

GP3 — 31 32 33 34 (46)
N1S34+N3S2+N3S+N,
Py1S3+P45S%+P43S+P

GP4 — 41 42 43 44 (47)
N1S3+N,S2+N3S+N,
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Q1153+Q125%4+0Q,35+0Q
GQl — 11 12 13 14 (48)
N1S3+N,S2+N3S+N,

02153+Q225%2+Q,35+Q
GQZ — 21 22 23 24 (49)
N1S3+N,S2+N3S+N,

$3+Q325%2+Q335+
GOs = Q315 +Q325°+Q335+Q34 (4.10)
N1S3+N,S2+N3S+N,

Q4153+ Q425%+Q435+Qus
GQs = N1S3+N,SZ+N3S+N, (4.11)
1 2 3 4

4.3 The Sample System and Data Preparation

Table 4. 1: Parameters of the induction motor and the zip load in the composite load model
representing the sample system

Components Parameters

Induction motor [13] Nominal power = 1500 HP

Nominal voltage v, = 2300 V(rms)
Nominal frequency f,4eq = 60 Hz

R, =0.056 Q; I, = 0.001 H; R, = 0.037 Q
l. = 0.001H; L,, = 0.0527 H

Inertia, /] = 44.548 kgm?

Nominal speed, n,.4teq = 1783 rpm

Pole pairs, p = 2

Load torque, T, = 6000 Nm

Target speed, n,, = 1771 rpm

ZIP load [15] Real power in steady-state, P,;po = 120 kW
Power factor = 0.88

a, = 0.28; b, =0.75; ¢, = —0.03

ag = 0.20; bg = 0.82; c; = —0.02
kyr=0.14; k,r = 0.29

Power source Rated voltage 2300 V (rms)
Rated frequency f, = 60 Hz

In the sample system, a large motor composition load is considered. The parameters of the

induction motor and the ZIP load of the composite load model are listed in Table 4.1. The
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induction motor is rated at 2300 V and 1500 HP. The detailed dynamic load model for the
sample system is calculated using (4.2)-( 4.11) and provided in Table 4.2.

To evaluate the accuracy of dynamic responses between the two load models, the RMSE
[16] and the relative error are calculated. The RMSE is used to evaluate how accurately the
model fits the response. A lower value of RMSE indicates a better fit. The relative error is scale

independent and considered as a good measure.

RMSE = \/% X X7, (L — Ly)? (4.12)

,%xZ’iLl(La—L 2
x 100 (4.13)
1,%Xz?ﬂ Ls?

Relative error =

Table 4. 2: The calculated coefficients of the transfer function-based load model for the
sample system

Coefficients Detailed transfer-functions
GP; 6.3157x10553+1.8973x10752+4.2258x1085+9.1939x107
315.528753+1.1721x10%52+43.4721x105S+3.6875%10°
GP, 2.2389x1005%+1.2411x10%952+2.1452x10115+1.8763x101?
315.528753+41.1721x10%52+3.4721x1055+3.6875x10°
GPs 100.487453+353.527752-9.4563x10*5-4.3147x10°

315.528753+1.1721X10%S52+3.4721x1055+3.6875%x10°

GP, 2.9235x1035349.3925x10°5%+1.6291x1085+1.5576x108
315.528753+1.1721x10*52+3.4721X1055+3.6875x106

GQ, 1.9002%10°53+4.0827%x10752+1.4090x10°5—2.8144x10°
315.528753+1.1721x10452+3.4721X1055+3.6875%x10°

GQ, —3.0351x10753+2.3809x10°52+1.2530x10115+1.8833x1011
315.528753+1.1721%x10%S52+3.4721x1055+3.6875x10°

GQ, 1.2625%10353+2.4486x10*52+8.7565x10%5—4.0888x10°
315.528753+41.1721X10%52+43.4721X1055+3.6875%x10°

GQ, —-2.1881x10%53+1.8292x10°5%+9.5432x1075+1.5322x108
315.528753+1.1721x10%452+3.4721X1055+3.6875X10°
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4.4 Case Studies using the Sample System

In case studies, the two models are simulated using MATLAB/Simulink for the same load
shown in Table 4.1, their dynamic responses are compared under several disturbances. The
disturbances include two voltage sags (one small at 90%, one large at 50%), one large frequency
drop (1 Hz drop), and a combination of a 50% voltage sag and 1 Hz frequency drop. These
disturbances are intended to evaluate two important characteristics of the load model: voltage

dependency and frequency dependency.
4.4.1 Case 1: 90% Voltage Sag

In Case 1, a 90% voltage sag is applied to the power source of both the composite load
model and the transfer function-based load model in Simulink. The 90% voltage sag means that
during the voltage sag, the remaining voltage at the load bus is 90% of the nominal bus voltage.
The dynamic responses of the real and reactive power for the 90% voltage sag for both models
are shown in Fig. 4.3.

Table 4.3 shows that the relative error and RMSE of real power for Case 1 are 4.1651%
and 52.7633, respectively. Table 4.4 shows that the relative error and RMSE of reactive power
for Case 1 are 11.6865% and 62.0846, respectively. Therefore, dynamic responses of the transfer
function-based load model match that of the composite load model quite accurately in Case 1.
In Case 1, only a voltage sag is applied to the system, so the voltage dependency appears to be
good for the derived transfer function-based load model. The frequency dependency, however,

cannot be evaluated through this case study.
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Fig. 4. 3. Dynamic responses of both load models for a 90% voltage sag (Case 1): (a) voltage
sag for both models; (b) real power; (c) reactive power.
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4.4.2 Case 2: 50% Voltage Sag

In Case 2, a 50% voltage sag is applied to the power source of both load models. The

dynamic responses of the real and reactive power for the 50% voltage sag for both models are

shown in Fig. 4.4.
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Fig. 4. 4. Dynamic response of the two load models for a 50% voltage sag (Case 2): (a)
voltage for both transfer-function load model and composite load model; (b) real power; (c)

reactive power.
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Table 4.3 shows that the relative error and RMSE of real power for Case 2 are 18.4402%
and 239.1454, respectively. Table 4.4 shows that the relative error and RMSE of reactive power
for Case 2 are 45.0440% and 362.9690, respectively. It is found that when the voltage sag
become more severe, the dynamic response fluctuations for a 50% voltage sag are much larger
than that for a 90% voltage sag, i.e., the errors between the two models in Case 2 are much larger
than that in Case 1. The linearization process during the model derivation for transfer function-
based load model leads to more linear and less dynamics compared to the original composite
load model. However, the tendency of dynamic characteristics for both models still remain quite

similar.
4.4.3 Case 3: 1 Hz Frequency Drop

In Case 3, a 1 Hz frequency drop is applied to power sources of both load models to analyze
the accuracy of the derived model under frequency disturbances. Fig. 4.5 represents the dynamic
responses of the two load models for Case 3. Figs. 4.5(b) and 4.5(c) indicate that the dynamic
response of the composite load model for frequency disturbance is smaller than for the voltage
disturbance of Cases 1 and 2.

Table 4.3 show that the relative error and RMSE of real power for Case 3 are 16.9217%
and 16.9217, respectively. Table 4.4 show that the relative error and RMSE of reactive power
for Case 3 are 15.8270% and 82.2352, respectively. It is interesting to note that the derived
transfer function-based load model varies quite differently from the original composite load
model. The tendency of dynamic characteristics between the two models is not matching very

well for frequency disturbances.
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sag for both models; (b) real power; (c) reactive power.
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4.4.4 Case 4: A Combination of a 50% Voltage Sag and a 1 Hz Frequency

Drop

In Case 4, the combination of a 50% voltage sag and 1 Hz frequency drop is applied
simultaneously to the power source of the composite load model and the transfer function-based
load model. The dynamic response of real and reactive power for both models in this case are
represented in Fig. 4.6.

Table 4.3 shows that the relative error and RMSE of real power for Case 4 are 21.5008%
and 280.5499, respectively. Table 4.4 show that the relative error and RMSE of reactive power
for Case 4 are 47.5834% and 396.2208, respectively. The error in Case 4 is greater than that of
the separate 50% voltage sag and 1 Hz frequency drop of Cases 2 and 3. However, the tendency
of dynamic responses of the system in Case 4 is very similar to Case 2 with only a 50% voltage
sag. This indicates that although the frequency does have certain influences on the dynamic
response, the voltage remains to be a dominant factor in the overall dynamic characteristic of

the system.
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Table 4. 3: Errors for real power between transfer function-based load model and composite

load model
CASES RELATIVE ERROR (%) RMSE (kw)
Case 1: 90% voltage sag 4.1651 52.7633
Case 2: 50% voltage sag 18.4402 239.1454
Case 3: 1 Hz frequency drop 16.9217 215.5687
Case 4: a combination of a 50% voltage sag and 21.5008 280.5499
1 Hz frequency drop

Table 4. 4: Errors for reactive power between transfer function-based load model and
composite load model

CASES RELATIVE ERROR (%) | RMSE (KVAR)
Case 1: 90% voltage sag 11.6865 62.0846
Case 2: 50% voltage sag 45.0440 362.9690
Case 3: 1 Hz frequency drop 15.8270 82.2352
Case 4: a combination of a 50% voltage sag and 47.5834 396.2208
1 Hz frequency drop

4.5 Conclusion

In this paper, dynamic responses of two dynamic load models, a composite load model
consisting of an induction motor and a ZIP load, and a transfer function-based load model for
the same load are compared under several disturbances. The transfer function-based load model
is derived from the composite load mode directly. The sample system for validation of the
derived load models is a high motor composition load. Such load can well represent the load at
industrial facilities, where induction motors are dominant in the load composition. The derived
transfer function-based load model include both voltage and frequency variation terms, and in
a 3rd order transfer-functions format. The accuracy of this derived model is evaluated

considering both voltage and frequency dependency of the models.
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It is found that tendency of dynamic responses of both models under various disturbances
are matching well except the frequency disturbances. However, the voltage is dominant when
both voltage and frequency disturbances occur, so the frequency’s effect is very small. In the
case that only a frequency disturbance occurs, its influence on the system is much less than a
voltage disturbance. The linearization process during deriving the transfer function-based load
model leads to more linear and less dynamic in its dynamic responses, but the overall tendency

remains matching with the original composite load model.
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In this chapter, the manuscript is presented with altered figure numbers, table numbers and
reference formats to match the thesis formatting guidelines set out by Memorial University of
Newfoundland.

Abstract- A highly efficient deep learning method for short-term power load forecasting has
been developed recently. It is a challenge to improve forecasting accuracy, as power
consumption data at the individual household level is erratic for variable weather conditions and
random human behaviour. In this paper, a robust short-term power load forecasting method is
developed based on a Bidirectional long short-term memory (Bi-LSTM) and long short-term
memory (LSTM) neural network with stationary wavelet transform (SWT). The actual power
load data is classified according to seasonal power usage behaviour. For each load classification,
short-term power load forecasting is performed using the developed method. A set of lagged
power load data vectors is generated from the historical power load data, and SWT decomposes
the vectors into sub-components. A Bi-LSTM neural network layer extracts features from the
sub-components, and an LSTM layer is used to forecast the power load from each extracted
feature. A dropout layer with fixed probability is added after the Bi-LSTM and LSTM layers to
bolster the forecasting accuracy. In order to evaluate the accuracy of the proposed model, it is
compared against other developed short-term load forecasting models which are subjected to
two seasonal load classifications.

Keywords- Load forecast, Stationary wavelet transform, Long short-term memory, Neural

Network.
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5.1 Introduction

Load forecasting with high accuracy is very important for practical power system and smart
grids analysis. There are three categories of load forecasting methodologies: LTLF (long term
load forecast: more than 1 year), MTLF (medium term load forecast: within 1 month to 1 year)
and STLF (short-term load forecast:1 hour to 1 day or 1 week ahead) [1], [9]. Among those,
short-term load forecast is more reliable and efficient. STLF improves the efficiency and
reliability of smart grid including home energy management, demand response implementation,
electricity price market design [18]-[20], [23]. Two techniques are commonly used for STLF:
statistical techniques such as the linear regression model, exponential model etc.; and artificial
intelligence techniques [9].

It is studied that among all STLF techniques, artificial neural networks (ANNS) is most
popular for short-term electric load forecasting. ANNs has distinct advantages and more
accurate prediction compared to others [3],[6]-[8]; which influence more research on neural
network based STLF. It is found that STLF is implemented by neural fuzzy network, recurrent
neural network (RNN), wavelet based neural network or hybrid neural network [5],[10]-[13].

Nowadays, hybrid neural networking has become more popular and suitable for learning
non-stationary and complex time series data. A hybrid forecasting method consisting of discrete
wavelet transform (DWT), autoregressive integrated moving average (ARIMA) and artificial
neural network (ANN) is proposed in [14] to forecast daily peak load. Such hybrid model used
load data of Fars Electrical Power Company, Iran in 2009 and predicted daily peak load of the
system. Recently, it is invested that the performance of STLF is improved by using LSTM model

[24] but using a single LSTM model has less accuracy than the hybrid model combined with
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LSTM [5]. The author of [15] designed a hybrid forecasting method called a recurrent inception
convolution neural network, a composition of 1-D convolution neural network and LSTM. This
model is verified by using power consumption data from three large distribution complexes in
South Korea. A combination of short-term wind power forecasting approach based on DWT and
LSTM is proposed in [16]; and 12 months data from three wind farms in Mongolia, the
Netherlands, and Yunnan, China were used to verify this model. The author of [4] developed a
hybrid DWT and collaborative representation (CRT) method. In this method, DWT including
CRT is used for feature extraction from the input vector composed by the lagged power load
and forecasting is predicted by LSTM. The lagged load variables consist of the load values in
last 3 hours of the same day, the last 3 hours and same hour of the day before, and the last 3
hours and same hour of the previous week. It is found that the load features extracted from the
lagged power load variable vector provide superior forecasting performance. t the individual
household level, a hybrid deep learning methodology combined with LSTM neural network and
with SWT is proposed [5], in which SWT decompose the input data into signal components and
each signal component is fed to LSTM separately for forecasting. This developed model
accuracy is verified by using remote sensor data of five different family houses in London,
United Kingdom.

They suggested that SWT alleviates the volatility and increases the data dimensions,
improves the accuracy of LSTM forecasting. Although the developed neural network [4]-[5],
[15]-[16] can learn the features, overfitting is a threatening problem for large neural networks
and reduces the accuracy of forecasting. To avoid the overfitting problem of neural network,
[17] developed an hourly natural gas demand forecasting method by adding a dropout layer in

the neural network which prevents units from co-adapting too much [27]. This model consists
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of multi-layer Bi-LSTM model and LSTM combined with DWT; DWT and multi-layer Bi-
LSTM model is used to decompose the actual data into sub-components and capture the features
in the sub-components, respectively; and LSTM predict the hourly natural gas demand. A
dropout layer is added after each Bi-LSTM and LSTM layer in this model.

Although neural network based STLF is becoming more popular, [2] indicates that neural
network was commonly used for an aggregate level load forecasting and limited research has
been undertaken based on individual household [3]-[7] before. Recently, the availability of high
frequency data collected by new smart metering system in individual households opens the
opportunities to research on individual household load forecasting. In addition, having a large
amount of data increases the prediction accuracy of load consumption at the individual
household level; adding value to improve efficiency of smart grid technologies, such as home
energy management and demand response implementation [18]-[20]. Individual household load
forecasting will help to project future load consumption and better manage electricity use.

Although smart meter based individual household load consumption data is highly volatile
[21], and univariate time series load forecasting is a challenging problem for deep learning; a
hybrid model [5] resolves this problem by using SWT combined with LSTM. The developed
model of [5] feeds the original energy consumption values to SWT for decomposition of original
signal; but [4] mentions that the load value at any time is correlated to the loads in the previous
time steps.

It is reported by Natural Resources Canada’s Office of Energy Efficiency in 2019 that in
the Canada residential sector, the energy was distributed 63% for space heating, 19% for water
heating, 16% for appliance and lighting; and 1% for cooling [25]. In winter, the space heating

load is dominant which is not included in summer. This creates complexity and difficulty of

83



intro-class data fitting as space heater is completely unused at summer. In order to overcome
the difficulty of data fitting in input and improve the accuracy of forecasting, [26] developed
Solar photovoltaic (PV) power forecasting hybrid method based on DWT-CNN-LSTM models;
independently established for four weather types : sunny, cloudy, rainy, and heavy rainy days.

In this paper, we propose a robust short-term electric load forecasting model for the
individual household level by using the power data from smart meter, installed in house. The
deep learning model is based on SWT with a Bi-LSTM and LSTM neural network. A set of
lagged power load data vectors is assigned to SWT, it decomposes the vectors and creates sub-
components. In order to determine the most appropriate wavelet packet function, a comparison
is made among the wavelet functions. The sub-components are individually fed to Bi-LSTM to
capture the features by considering the data information bidirectionally. The abstracted features
from Bi-LSTM are fed to LSTM for forecast learning. The power forecast is constructed from
the predicted sub-components by using ISWT. This process is independently constructed for
two seasonal load classifications. The evaluation of the developed model is verified for all
seasonal classified load by using the dataset of an individual household in St. John’s,
Newfoundland and Labrador, Canada. The power consumption profile of individual household
is a very common scenario and reflects the power consumption profile in Canada residences, so
this study can represent an important load profile forecasting study.

The paper is arranged as follows: in Section 1l the data description and observation are
analyzed, in Section Il a curve fitting method for STLF is described; in Section IV the
methodology included with five main parts SWT, Bi-LSTM, LSTM, Dropout layer, ISWT of

the proposed short-term power load forecasting model are explained; in Section V the accuracy
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of the proposed load forecasting model is evaluated by case study using experimental data; and

in Section VI conclusions are drawn.

5.2 Data Description and Observations
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1 23 45 6 7 8 91011121314151617 18 192021222324
Hour

——Jan ——Feb Mar Apr ——May——Jun
—Jul =——Aug——Scp ———Oc¢t ==—=Nov =—Dcc

Fig. 5. 1. 24 hourly Weekdays load profile for each month.

1

Power (kW)
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Fig. 5. 2. 24 hourly Weekends load profile for each month.

The power load data of a house in St. Johns was collected by installing current sensors.
Five current sensors are installed to measure consumption of the garage, house space heater,
domestic water heater, lights and appliances. The total power consumption is calculated by
combining the five current sensors dataset. The data was collected every 3 minutes for three

years, however only one-year data is used for this study.
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The 24-hourly weekdays and weekends load profile for all months are presented in Fig. 5.1
and Fig. 5.2 respectively. It is shown that 24 hourly load consumption profile varies from each
month. A box and whisker plot of the seasonal profile is shown in Fig. 5.3. For each month, the
top and bottom line corresponds to that month's overall maximum and minimum, respectively.
The middle line of the blue box is the overall average for the whole month. The top and bottom
of the blue box present the average of the daily maxima and minima of all of the days in the
month, respectively. It shows that the overall average is higher from November to May than

from June to October.
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Fig. 5. 3. One-year seasonal load profile of the house

5.3 Curve Fitting Method

Firstly, a curve fitting method is used to develop a prediction model for load forecasting.
Two variable regression models have been considered here. Here x stands for hours and y stands
for power consumption. MATLAB Surface fitting toolbox has been used to develop the models
and to analyze the developed models’ accuracy. Five regression models, known as Sum of Sine

(5.1), Polynomial (5.2), Power (5.3), Rational (5.4), and Weibull (5.5) models are tested to fit
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the load forecasting model shown in Fig. 5.4. it is shown that the actual power load data at the
individual household is non-stationary time series data and the developed five regression models

are significantly far from the fitting with the actual power load data.

y = ag sin(b;x + ¢;) (5.1)
Y =p1x® +pox” 4 p3x® + pax® + psx* + pex® + prx® + pgx + po (5.2)
y = ax? +c (5.3)
_ P1x5+pox* +p3x3 +pax?+psx+pe
Y S S quxtaux K+t (5.4)
y = abxP~le=ax" (5.5)
40 T T T T T T T T
——Actual Power Data
—Polynomial
=--Power
30 — Rational

""" Sum of Sine
===Weibul

Power (kW)
N
o

-
o

0

_5 1 1 L L L 1 1 1
0 2 4 6 8 10 12 14 16 17.5

Minute x10*
Fig. 5. 4. Curve fitting method for short-term power load forecasting

The accuracy of the developed regression models is evaluated by sum square error (SSE),
R-square values and root mean square error (RMSE) between experimental and calculated data
using these equations. The R-square value represents how closely the fitted model can follow
the variance of the actual data set. It ranges from 0 to 1 where a value closer to 1 and RMSE
value closer to O represents a better fit. Regression models along with sum square error, R-

square values and RMSE are shown in Table 5.1.
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From the Table 5.1, it can be seen that for all regression models the R-square value is close
to 0; and the SSE and RMSE values are very high, indicating that the curve fitting models are
unable to predict load consumption for an individual household load.

Table 5. 1: Regression models along with sum square error, R-square values and RMSE

Model SSE R-square | RMSE
Sum of Sine 2.648 x 10° 0.1052 3.882
Polynomial 2.517 x 10° 0.1495 3.785
Power 2.733 x 10° 0.0766 3.944
Rational 2.951 x 10° 0.0028 4.099
Weibull 4.252 x 10° 0.4369 4.92

5.4 Methodology

This research presents short-term power load consumption forecasting for a house. The
residential power is consumed by space heating, water heating, appliances and lighting. Water
heater, lighting and other appliance are used daily, on the other hand space heater usage is
influenced by variable weather conditions and human behavior. Space heater is used according
for certain weather condition specifically November to May in a year as shown Fig. 5.5; and
remaining months of the year, it is excluded from the load. Based on Fig. 5.1 and Fig. 5.2,
although 24 hourly load profile for June, July, August, September and October vary slowly for
both Weekdays and Weekends, the load profile changes abruptly for November, December,
January, February, March, April and June. The yearly seasonal load profile Fig. 5.3 shows that
the load with space heater consumed higher average power than the load without space heater.
Therefore, the actual power load data is classified as two different types: 1) power loads without

space heater, and 2) power loads with space heater. Classified data are processed individually
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by the proposed short-term power load forecast model as shown in the overall flowchart of
proposed model in Fig. 5.6.

The structure of the proposed forecasting model is illustrated in Fig. 5.7. There are five
main steps for the proposed model: (1) data preprocessing; (2) a lagged power load variable
vector is decomposed by SWT; (3) Bi-LSTM feature extraction from each sub-components; (4)
LSTM based prediction with dropout layer are applied for each sub components; and (5) finally,
ISWT based re-constructor is used to generates actual power load forecast signal by combining

predicted sub-components.

25 T T T . - - r
—Space heater power load consumption

Power (kW)
5 o S

[$)]

Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec

Fig. 5. 5. Yearly space heater load profile for the house.

Power consumption load data for individual house

w

The original power load data is classified according to seasonal power usage behaviour:
{1}Power loads without space heater and (2) Power loads with space heater

w k J

SWT_Bi-LSTM_LSTM_ISWT SWT_Bi-LSTM_LSTM_ISWT

w v

Forecasting power load Forecasting power load
without space heater with space heater

Fig. 5. 6. Overall Flowchart of the short-term power load forecasting model.
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Fig. 5. 7. The structure of the short-term power load forecasting model.

5.4.1 Data Preprocessing

There are 175200 data samples collected per year by 3 minutes interval steps; 116160 and
47040 samples are used for power loads with space heater and without space heater deep
learning framework.

The power load value for a certain time is corelated to the previous time steps load value.
Hence, in order to increase the data dimension, a set of lagged power load variable vector is
created from actual data similar to [4]. The vector is generated by considering only the load
values in the last three hours of the same day, the last three hours and same hour of the day
before, and the last three hours and same hour of the previous week, in 30 minute time steps as

shown in (5.6). The developed variable vector is assigned to each point of the load curve.
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X = [x(t —3431),..x(t — 3361), x(t — 551), ... x(t —481),..x(t — 61),..,x(t — D]
(5.6)
X is a set of lagged variable vectors for a certain point with dimension [ x 1, [=20. For the

m power load samples data, the training data n = m — 3232, is considered for the RNN.
5.4.2 SWT Decomposition and Reconstruction

The SWT algorithm is adopted to decompose a signal into wavelets as shown in Fig.
5.8. SWT is known as non-sampling wavelet transform and a time invariance extension of
DWT. At the 1stlevel of SWT, the original signal x(n) splits into approximation coefficients
a; (n) and the detail coefficients d, (n). Then the next level, a; (n) splits into two: a,(n) and
d,(n); and this step is continued for until the number of decomposition steps i. The
original signal x(n) can be reconstructed through ISWT whereas x(n) is the last level

approximation coefficients a;(n) and summation of all levels detail coefficients (i.e. d; (n),

d,(n)...eeuneee d;(n)).

Level O Level 1 Level2 e b Level i

X di(n)

e

Fig. 5. 8. SWT decomposition for i level
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5.4.3 LSTM and Bi-LSTM

LSTM is a special type of RNN and it is effective for processing time series data. LSTM
consists of ‘self-connected’ memory cells, multiplicative gate units in the hidden state as
shown in Fig. 5.9. Where, i,f, g and o represent input gate, forget gate, cell candidate and

output gate, respectively. LSTM neural network can be explained by following (5.7) to

(5.12):

ip = og(Wixy + Rihe_1 + b;) (5.7)
fe = oy(Wsx, + Rehy_y + by) (5.8)
9e = 0c(Wyx, + Ryhe—y + by) (5.9)
o = og(Woxy + Rohe—1 + b,) (5.10)
¢ =fi Oco1+i: O ge (5.11)
hs = 0 © a.(ct) (5.12)

i+, ft» 9s 0t, C; and h; denote input gate, forget gate, cell candidate, output gate, cell state
and hidden state at time step t, respectively. W,R and b represent the input weights, the
recurrent weights, and the bias of i, f, g and o ; respectively. State and gate activation function

are denoted by o.and a,; respectively.

I

Ct—1

hey

X

Fig. 5. 9. The architecture of LSTM

92



In Bi-LSTM model, the same output layer connects the two separate hidden layers known
as forward LSTM layer and backward LSTM layer [31]-[33]; as shown in Fig. 5.10. The

previous and future data information is used in this model. The forward output layer sequence,

ﬁt and the backward output layer sequence, ﬁt are computed by using input in a positive time
sequence and reversed time sequence, respectively. The output layer y, can be expressed as

follows:
e = G(Re by ) (5.13)

Where, G is a function, used to generate output based on ﬁt and ﬁt.
M=
Backward State % %

h ’ ‘ t ' \ t+1 I

t-1

Forward State

N :
o

b
L)

Fig. 5. 10. The architecture of Bi-LSTM

5.4.4 Dropout Layer

(1+13
.
!

Fig. 5. 11. The dropout network
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The dropout layer improves the accuracy of forecasting by preventing the neural network

from overfitting. The dropout network is shown in Fig. 5.11 and can represent as follows:

7}-(1)~Bernoulli(p) (5.14)
g = 7O 5O (5.15)
Zi(Hl) _ m(l+1)37(l) " bi(z+1) (5.16)
y = o(2) (5.17)

Where * presents element-wise product.

A vector of independent Bernoulli random variables for the specific layer I, r® each of
which has probability being 1. y® and 7® denote outputs and thinned outputs for the specific
layer 1. 7@is obtained by randomly sampled ® multiplied elementwise with y®. Then

generated $#® are fed to the layer as input. The same process is repeated at each layer.
5.5 Case Study

The developed STLF model is verified by comparing with DWT_Bi-LSTM_LSTM,
SWT_LSTM, SWT_Bi-LSTM model through MATLAB deep learning toolbox and wavelet
toolbox using a case study. In this case study, two different cases are considered: 1) Case 1 —
load without space heater and 2) Case 2 — load with space heater. For both cases, in order to
select the best basis wavelet functions, the mean absolute percentage error (MAPE) of
reconstructed signal and actual signal are compared among Haar (haar), Fejer-Korovkin filters
(fk), Coiflets (coif), Symlets (sym), Daubechies (db), and Discrete approximation of Meyer
(dmey) wavelets as shown in Table 5.2. It is found that Haar wavelet has comparatively less

percentage of reconstruction error among other wavelets for both cases. Hence Haar wavelet is
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used for SWT and ISWT. The Pearson correlation coefficient (PCC) was used in [5] to

determine the number of wavelets and recommended three decomposition steps of SWT.

1
MAPE ==X 37,

La=lr)l o 100

(5.18)

Table 5. 2: MAPE of reconstructed signal and actual signal for different basis wavelet function

Wavelet MAPE(%)
Case 1 Haar 4.5113e-14
Fejer-Korovkin filters 1.3556e-14
Coiflets 2.6704e-10
Symlets 1.5876e-10
Daubechies 9.4170e-11
Discrete approximation of Meyer 0.0012
Case 2 Haar 5.2138e-14
Fejer-Korovkin filters 2.0130e-14
Coiflets 4.9429e-10
Symlets 3.3480e-10
Daubechies 1.8231e-10
Discrete approximation of Meyer 0.0021

Table 5. 3: Training option to train data in the deep learning toolbox

Option Parameter
Max Epochs 150
Gradient Threshold 1

Initial Learn Rate 0.010
Mini Batch Size 30

Learn Rate Drop Period 75

Learn Rate Drop Factor 0.316
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For both cases, during the deep learning training process, one Bi-LSTM layer with 120
hidden units and one LSTM layer with 120 hidden units are designed for this model. Each layer
has dropout layer with 0.3 probability. Adam optimizer is used for this case study. Table 5.3
shows the used training option for both cases study to train data in the deep learning toolbox.

Three statistical featured including average, median and L1 norm are determined as
tabulated in Table 5.4 for evaluating the forecasting accuracy.

Table 5. 4: Statistical features

Features Equation
1
Average Uy = ;Z?ﬂxl-
Median med = 1 X|n + xXn
2 O+ Xgaa)
L1 Norm LI, = Xiqlxl

Where, x; is the ith sampled measurement point, i =1, 2, ..., n for n observations.

Three different comparison: 1) Comparison 1 — among SWT_Bi_LSTM_LSTM with
dropout layer for a set of lagged power load data vectors (i.e. proposed model) and other
developed STLF model Comparison 2 — between proposed model and SWT_Bi_LSTM_LSTM
with dropout layer for instantaneous power load data; and 3) Comparison 3 — between proposed
model and SWT_Bi_LSTM_LSTM without dropout layer for a set of lagged power load data

vectors are studied.

Test—Forcast

Percentage of accuracy = (1 - ) x 100 (5.19)

Forecast
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5.5.1 Comparison 1

Table 5. 5: Structure of other STLF model

Model

Structure

DWT _Bi-LSTM_LSTM

DWT (Haar wavelet, three decomposition steps)
decomposition for original data

Bi-LSTM (120 hidden units)

Dropout (0.3 probability)

LSTM (120 hidden units)

Dropout (0.3 probability)

Fully connected layer

Regression layer

IDWT
SWT_LSTM SWT (Haar wavelet, three decomposition steps)
decomposition for original data
LSTM (120 hidden units)
Dropout (0.3 probability)
Fully connected layer
Regression layer
ISWT
SWT_Bi-LSTM SWT (Haar wavelet, three decomposition steps)

decomposition for original data
Bi-LSTM (120 hidden units)
Dropout (0.3 probability)

Fully connected layer
Regression layer

ISWT
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In Comparison 1, the proposed model is compared with other developed STLF models

DWT_Bi-LSTM_LSTM, SWT_LSTM, SWT_BIi-LSTM to evaluate the accuracy of proposed

model. The structure of the three developed STLM models are listed in Table 5.5. The same

neural network properties are used to train the data for all models.

Table 5. 6: Comparison among proposed model and other developed STLF model for Case 1

Model Average Percentage | Median | Percentage | L1 norm | Percentage
power of of of
(KW) accuracy accuracy accuracy
for for median for L1
average (%) norm (%)
power (%)
Test 0.7988 0.6450 19.1712
Proposed model | 0.7791 97.5338 0.7150 |89.1473 18.6998 | 97.5411
DWT _Bi- 0.7149 89.4967 0.7382 | 85.5504 17.1567 | 89.4921
LSTM_LSTM
SWT_LSTM 1.2426 44.4417 1.2607 | 95.4574 29.8233 | 44.4370
SWT _Bi-LSTM | 0.9205 84.7646 0.9211 | 42.8062 22.0923 | 84.7631

The comparison of the proposed model vs. other STLF models are shown in Table 5.6 and

5.7 for Case 1 and Case 2, respectively. Table 5.6 show that the proposed forecast model is

comparatively much more accurate than the other developed models in Case 1. For example,

the predicted daily average power consumption accuracy for the proposed model, DWT_Bi-

LSTM_LSTM, SWT_LSTM and SWT_BIi-LSTM are 97.5338%, 89.4967%, 44.4417% and

84.7646%; respectively. For Case 2 as shown in Table 5.7, the proposed model forecast is also

more accurate compared to the other STLF models but with a much higher error than Case 1.

Case 2 has less prediction accuracy because Case 2 — 24 hourly daily load profile varies rapidly
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than Case 1 as shown in Fig. 5.1 and 5.2.

Table 5. 7: Comparison among proposed model and other developed STLF model for Case 2

Model Average Percentage | Median | Percentage | L1 norm | Percentag
power of accuracy of e of
(KW) for average accuracy accuracy

power (%) for median for L1
(%) norm (%)

Test 3.5190 2.4825 84.4554

Proposed model | 3.6878 95.2032 2.7958 | 87.3797 88.5070 | 95.2027

DWT_Bi- 3.7352 93.8562 3.7355 | 49.5267 89.6450 | 93.8552

LSTM_LSTM

SWT_LSTM 3.7165 94.3876 3.712 50.4733 89.1951 | 94.3879

SWT_Bi-LSTM | 4.3726 75.7431 4.3741 | 23.8026 104.9413 | 75.7435

5.5.2 Comparison 2

In Comparison 2, SWT_Bi_LSTM_LSTM with dropout layer for a set of lagged power
load data vectors (i.e. proposed model) and SWT_Bi LSTM_LSTM with dropout layer for
instantaneous power load data are considered. Table 5.8 shows the forecasting result of
Comparison 2. The SWT_Bi_LSTM_LSTM with dropout layer for instantaneous power load
data model creates significantly higher error compared to proposed model for both cases. For
example, for Case 1: the accuracy of daily average power, median and L1 norm with respect to
proposed model are 97.5338%, 85.5504% and 97.5411% respectively; and for the other model,
the values are 80.6084%, 52.093% and 80.6089% respectively. Therefore, it is concluded from

Comparison 2 that considering a set of lagged power load data vectors improves forecasting

99




accuracy.

Table 5. 8: Comparison between proposed model and SWT_Bi_LSTM_LSTM with dropout
layer for instantaneous power load data for both cases

Model Average | Percentage | Median | Percentage | L1 norm | Percentage
power of of of
(KW) accuracy accuracy accuracy
for for median for L1
average (%) norm (%)
power (%)
Case | Test 0.7988 0.6450 19.1712
1 Proposed 0.7791 97.5338 0.7382 | 85.5504 18.6998 | 97.5411
model
SWT_Bi- 0.9537 80.6084 0.9540 |52.093 22.8887 | 80.6089
LSTM_LSTM
for
instantaneous
power load
data
Case | Test 3.5190 2.4825 84.4554
2 Proposed 3.6878 95.2032 2.7958 | 87.3797 88.5070 | 95.2027
model
SWT _Bi- 4.4892 72.4297 4.4909 |80.9023 107.7406 | 72.4290
LSTM_LSTM
for
instantaneous
power load
data

100




5.5.3 Comparison 3

Table 5. 9: Comparison between proposed model and SWT_Bi_LSTM_LSTM without

dropout layer for a set of lagged power load data vectors for both cases

Model Average | Percentage | Median | Percentage | L1 norm | Percentage
power of of of
(KW) accuracy accuracy accuracy
for for median for L1
average (%) norm (%)
power (%)
Case | Test 0.7988 0.6450 19.1712
1 Proposed 0.7791 97.5338 0.7150 |89.1473 18.6998 | 97.5411
model
SWT _Bi- 0.6692 83.7757 0.6423 | 99.5796 16.0613 | 83.7783
LSTM_LST
M without
dropout layer
Case | Test 3.5190 2.4825 84.4554
2 Proposed 3.6878 95.2032 2.7958 | 87.3797 88.5070 | 95.2027
model
SWT _Bi- 4.1392 82.3857 4.1162 | 34.1913 99.3401 | 82.3757
LSTM_LST
M without

dropout layer

In Comparison 3, a comparison between the proposed model and SWT_Bi_ LSTM_LSTM

without dropout layer for a set of lagged power load data vectors are studied. Comparison 3 is

conducted in order to evaluate whether adding a dropout layer after each Bi-LSTM and LSTM

layer leads to better prediction accuracy. A comparison between proposed model and SWT_Bi-
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LSTM_LSTM without dropout layer is shown in Table 5.9. It is found that the proposed model
has higher forecasting accuracy for both cases because adding a dropout layer after the Bi-LSTM

and LSTM neural network boost the prediction accuracy.

5.6 Conclusion

The nature of variable weather conditions and random human behaviour cause randomness
in the power consumption profile at the individual household level and create a serious difficulty
to improve the short-term power load accuracy. A robust short-term power load forecasting has
been developed by using wavelet transform and deep learning method in this paper. The
developed model consists of SWT and a Bi-LSTM and LSTM neural network with dropout
layers.

In order to evaluate the accuracy of the proposed model, three comparisons for each of two
cases are studied by using the real power load dataset of a house in St. John’s, Newfoundland
and Labrador, Canada. From Comparison 1, it is found that the proposed model has higher
forecasting accuracy compared to the other developed STLF model. From Comparison 2, it is
found that considering a set of lagged power load data vectors introduced significantly better
forecasting accuracy than the original data input, as this increases the dimensions of the training
data. Comparison 3 has been conducted to evaluate the effectiveness of adding dropout layers
after the Bi-LSTM and LSTM neural network and it shows that the dropout layer improves the

accuracy of the proposed model.
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Chapter 6

Conclusion

6.1 Summary

The ultimate goal of this thesis is to determine a transfer function-based load model for
commercial and industrial loads from the composite load model; and to devise an STLF method
for an electrically heated house load by employing deep learning and wavelet transform
techniques. The developed transfer function-based load model is verified to be effective for
small motor composition load, or commercial load; and large motor composition load, or
industrial load. A robust STLF model is proposed in this thesis. The main content of Chapters
3,4 and 5 are summarized as follows:

In Chapter 3, the 3rd order transfer function-based load model has been derived
mathematically from a composite load model consisting of an induction motor and a ZIP load.
The composition of load is 25 HP induction motor and 120kW static load; the typical 25 HP
induction motors parameters and experimentally calculated static load parameters are used in
this model. This developed model has been verified by comparing with the original composite
load model for commercial load. This comparison provides a complete understanding of both
load models dynamic responses. Next, three simplified load models are applied to the full
transfer function-based load model developed in this chapter. From the simulation results, it is
found that the reduced models have less accuracy compared to full transfer function-based load

model and without frequency dependency can cause significant error. This simulation results
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confirmed that the reduced model with the 1st order voltage and 1st order frequency terms has
the smallest errors among the reduced models due to its consideration of both voltage and
frequency dependency.

Several conclusions are drawn in this chapter as follows: 1) the reason of better
performance of 3rd order transfer-function is explained theoretically; 2) the linearization process
during derivation causes a loss of dynamic characteristics of the transfer function-based load
model but it follows the trend of the dynamic system response very well; 3) after simplifying
the full model, the reduced model has larger error compared to the full model; and 4) among
three reduced models, the one with 1st order voltage and 1st order frequency terms shows the
smallest errors due to its consideration of both voltage and frequency dependency.

In Chapter 4, the 3rd order transfer function-based load model has been derived directly
from the composite load model for industrial load. In high motor composition load i.e. 1500HP
induction motor and 120kW static load, induction motors are dominant in the load composition.
Next, the dynamic responses of the developed model have been verified by comparing with the
original composite load model for various disturbances. The comparison showed that the
dynamic responses of the developed model are less transient and more linear, due to the
linearization process during the derivation of the transfer function-based load model. This was
experimentally confirmed by comparing the results obtained from the transfer function-based
load model with the results from the original composite load model. However, it has been
determined that the tendency of the dynamic responses of both models agree under various
disturbances, except for frequency disturbances.

In Chapter 5, STLF model for electrically heated house is proposed based on the SWT and

RNN techniques. The actual power load data is classified according to seasonal power usage
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behaviour and each load classification follows the below procedure to forecast the electrically
heated house:
1) Generate a set of lagged power load data vectors from the historical power load data
2) Decomposes the vectors into sub-components by SWT
3) Extracts features from the sub-components by using a Bi-LSTM neural network layer
with dropout layer
4) Predict the power load from each extracted feature by using an LSTM layer with dropout
layer
5) Reconstruct actual power load forecast signal by combining predicted sub-components
by ISWT.

The accuracy of the developed model is verified by using the real power load dataset of a
house in St. John’s, Newfoundland and Labrador, Canada. Three comparisons for each of two
cases are studied. The conclusions of the three comparisons are drawn as follows:

1) Comparison 1- the proposed model is more accurate compared to the other developed
STLF model because the Bi-LSTM layer has the ability to learn the complicated features of the
actual data and dropout layer stops overfitting of the neural networks.

2) Comparison 2- a set of lagged power load data vectors generate higher prediction
accuracy compared to the original data input. The inclusion of lagged vectors representing the
recent past improves the accuracy of the prediction, because the behaviour of house loads is
known to follow daily and weekly patterns. The implication is that general insights about time-

varying loads can be leveraged using the neural network model to improve forecasting ability.
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3) Comparison 3- adding dropout layers after the Bi-LSTM and LSTM neural network
improves the forecasting accuracy of the developed model because dropout layer prevents the

overfitting of neural networks.

6.2 Future Work

Presently, the integration of smart grid technologies including renewable distributed
generators and electric vehicles causes uncertainty and difficulty for dynamic load modeling.
Future work on the dynamic load model could be to incorporate the transfer function-based load
model of distributed generators and electric vehicles. The transfer function-based load model
proposed in this work was derived from a composite load model consisting of induction motor
and static loads. The future investigation would involve the development of dynamic load
models, and analysis of the dynamic response of a system containing smart grid technologies.

The proposed STLF method has been applied, and the accuracy of the model analysed
considering the electrically heated house load. Other load classes could be modeled and
analyzed, such as industrial and commercial loads. Different load classes are distinguished by
several factors. Among these are motor composition (the proportion contributed by AC motors
to the load bus), and time-varying and weather-dependent compositions. Future work would be
to examine the performance of the proposed STLF method on different load classes. To do this
it would be necessary to identify the composition of the load classes, to determine their

variability with respect to weather and other factors.
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APPENDIX A Derivation of Transfer Function-Based Model

A.1 Induction Motor

The induction motors can be represented by the following differential equations [11]:

_ . ad¥ s
Vgs = Rslds - wstqs + dt
dy,

— i qas
Vgs = Rsigs + wWys + "

Var = Rylgr — (w5 — (*)r)qjqr +

Vgr = Rriqr + (w5 — 0)War +

T, = 1.5P(Wysiqs — WPysias)
Wis = Lgigs + Linlar
Wys = Lslgs + Linlgy
War = Linlas + Lyigr
Wor = Liplgs + Lyigr

dwy

=P —
& = 35 (Te = Tin)

Ly = Ils+ Ly

L= L.+ Ly

The stator transient of induction motor is negligible, i.e.,

a¥gs

d¥,
=0and —£=0
dt dt

The rotor of induction motor is shorted:

(A.1-1)
(A.1-2)
(A.1-3)
(A.1-4)
(A.1-5)
(A.1-6)
(A.1-7)
(A.1-8)
(A.1-9)
(A.1-10)
(A.1-11)
(A.1-12)

(A.1-13)

(A.1-14)
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Vgr = 0and vg, =0 (A.1-15)

Substitute Equations (A.1-6)-(A.1-9), (A.1-14)-(A.1-15) in Equations (A.1-1) to (A.1-

5):

Vgs = Rgigs — ws(Lsigs + Linigr) (A.1-16)

Vgs = Rsigs + ws(Lsigs + Liniay) (A.1-17)

0= Ryigr — (005 — ;) (Lmlgs + Lyiqr) + L =2 + L, T2 (A.1-18)

0 = Ryigr + (@5 — @) (Lmlas + Lriar) + L =2 + L, &2 (A.1-19)

T, = 1.5P(igrigs — igrias) (A.1-20)
Substitute Equations (A.1-20) in Equation (A.1-10):

= = 2 (1.5P(igyigs — iqrias) — Tm) (A.1-21)
Linearize (A.1-16)-(A.1-19) and (A.1-21):

Avgs = ReAigs — wsoLsAigs — wsoLmAigr — (Lsigso + Lmigro)dws (A.1-22)

Avgs = Ryligs + wsoLsAigs + wsoLmdigr + (Lsigso + Lmiaro)dws (A.1-23)

0= (Rr + LrS)Aidr + (wro - wsO)LmAiqs + (er - wsO)LrAiqr + Ly SAigs + (Lmiqso +
LTiqTO)AwT - (Lmiqso + Lriqu)Aws (A.1-24)

0=(R,+ LTS)Aiqr + LmSAiqs — (wro — Ws0) LinAigs — (Wyrg — Wgo) LypAigy — (Liplgso +

Lyigro)Aw, + (Lymigso + Lyigro)dws (A.1-25)
3p%°Lm . . . . . . . .
SAw, = “aH (ldrOAlqs - lquAlds + lqsOAldr - LdsOAlqr) (A-1'26)

Aig, can be determined from Equation (A.1-22):

. 1 . . . .
Aigy = L [Rsdigs — wsoLsdigs — (LSquO + Lmlqu)Aws — Avgs] (A1-27)

Wsolm
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Aig, can be determined from Equation (A.1-23):

Aidr = [Avqs - RsAiqs - wsOLsAids - (Lsidso + LmidrO)Aws] (A-l'28)

WsoLm

Substitute Equations (A.1-27) and (A.1-28) in Equation (A.1-24):
0 = (R, + L, S)Avgs — (wrg — wso) Ly Avgs + [wso(wro — Ws0) (L3, — LyLs) — RyRs —
SLyRs]digs — [Ry(Lsiaso + Lmiaro) + (0o — Ws0) Ly (Lsigso + Lmiqro) + @soLm (Lmigso +

Lriqro) + SLy(Lsigso + Liniaro) JAws + [LyRs(wro — Wgp) —WgoLsRy+Swsg (Lgn -

LyLy)]Aigs + wsOLm(Lmiqso + Lriqro)Awr (A.1-29)
0=x114v45 + X124V45 + X134145 + X144ws + X154i45 + X164w, (A.1-30)
Where,

x11 = Ry + Lp:S) = X112 + %1115

x12 = —(wro — ws0) Ly

X13 = Wso(Wro — Ws0) (L3 — LyLg) — RRg — SLyRs = X435 + %1315

X14 = —[Ry (Lsigso + Limigro) + (wro — wsO)Lr(LsiqSO + Lmiqro) + wgolm (Lmiqso +
Lriqro) + SLy(Lgigso + Limigro) 1 = X142 + X141S

X5 = LyRg(wrg — wg)—wsoLsRy+Sweo(L3y — LrLs) = X152 + X151

X16 = wsOLm(LmiqSO + Lriqro)

X111 = Ly
X112 = Ry
X131 = —LyRg

X132 = Weo(Wyg — wsO)(Lgn — L,Lg) — R.Ry

X141 = _Lr(Lsidso + Lmidro)
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X142 = —[Ry(Lsigso + Liniaro) + (Wro — wso) Ly (Lsiqso + Lmiqro) + wgoLm (Lmiqso +
Lyigro)]
X151 = Weo(L% — LyLy)
X152 = LyRs(wrg — wso) —wgoLsRy

Substitute Equations (A.1-27) and (A.1-28) in Equation (A.1-25):
0 = —(wro — Ws0)LrAVys — (Ry + LyS)Avgs + [LyRs(wro — Wso) —wso LRy +Swso (L3, —
LyLs))Aigs + [(wro — wso) Ly (Lsiaso + Lmiaro) + WsoLim (Lmiaso + Lriaro)—Rr(Lsigso +

Lmiqro) - SLr(Lsiqso + Lmiqro) JAws + [RyRs — wso(wro — wso)(Lgn —L,Ls) +

SL,Rg)Aigs — wsoLm (Linigso + Lyigro)Aw, (A.1-31)

0 =2x214v45 + X224V + Xp34145 + Xp4dws + Xp541g5 + Xz640, (A.1-32)
Where,

Xz1 = —(wro — wso) Ly

Xa2 = —(Ry + Lp-S) = Xp22 + %2215

X253 = LyRs(Wrg — ws0) —wWso LRy +Swso (L — LyLg) = Xp35 + X315

X34 = [(Wyro — Wso) Ly (Lsigso + Limiaro) + WsoLm (Lmigso + Lrigro) —Ry (Lsiqso +
Lmiqro) - SLr(LsiqsO + Lmiqro) 1= X242 + X241S

X5 = RyRs — wso(wro - wso)(l'gn - LrLs) + SLyRs = X355 + X515

X26 = _wSOLm(LmldSO + Lrldro)
X221 = —Lg
X222 = —R;

X231 = wsO(L%n - LrLs)
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X232 = LrRg(wrg — wso)—wgoLsRy
X241 = _Lr(LsiqSO + Lmiqro)
Xaa2 = (@ro = Ws0)Lr (Lsigso + Lmiaro) + WsoLm (Lmiaso + Lrigro)—Ry(Lsigso + Lmigro)
X251 = LyRs
X252 = RyRg — wgo(wro — ws) (L3, — Ly Ly)
Substitute Equations (A.1-27) and (A.1-28) in Equation (A.1-26):

0= iqsOAvqs + idsOAvds-l'(wsOLm idrO + wSOLSidSO - Rsiqso) Aiqs + [idso (Lsiqso +

Lmiqro) - iqsO (Lsigso + Linigro)]Aws — (wsoLyy, iqu + wsOLsiqso + Rsligso)Aigs —

(3:212,,1) SAwy (A.1-33)

0 =x314v45 + X324V + X334i45 + X344ws + X3541g5 + X3640, (A.1-34)
Where,

X31 = lgs0

X32 = lgso

X33 = (WsoLm lgro + WsoLsiaso — Rslqso)

X34 = [idso (Lsiqso + Lmiqro) - iqsO (Lsidso + Lmidro)]

X35 = —(wsoLpm lgro + wSOLSquO + Rsigso)
4H
X36 = — (3p2Lm) S = x361S
_ 4H
X361 = — 3p2L,

Aigs can be determined from Equation (A.1-34):

. 1 .
Aigg = — (E) [x314V4s + X324V + X334145 + X344ws + X3640, (A.1-35)
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The power source voltage in dq reference frame can be expressed by

Udg:()

Vag = V2E

(A.1-36)

(A.1-37)

Since the source voltage is directly applied to the motor stator in this configuration,

therefore:
Vgs = Vgg = 0
Vgs = Vgg = V2E
Linearize (A.1-38) and (A.1-39):
Avge =0

Avys = 24E

Substitute Equations (A.1-40) in Equations (A.1-30), (A.1-32):

0=x114v45 + x134i4s + X12405 + X1541i45 + X164 0,

0 =x214v45 + x234145 + X244 + X254145 + Xp6dw,
Substitute Equations (A.1-40) in Equation (A.1-34):

Aigy = — (i) [X314Vgs + X334igs + Xzadwg + X36Aw,

Aigs = x414V45 + X421 s + X434w5 + X44SAw,

Where,
_ 1

Xg1 = — Yoo X31
_ 1

Xgp = — Xas X33
_ 1

Xg3 = — Xas X34

(A.1-38)

(A.1-39)

(A.1-40)

(A.1-41)

(A.1-42)

(A.1-43)

(A.1-44)

(A.1-45)
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1

ris=— (L)
44 X35 361

Substitute Equations (A.1-35) in Equations (A.1-42):

0=(nS+ Y12)Avqs + (¥21S + yZZ)Aiqs + (¥31S + y32)Aws + (}’4152 + V42§ + Yaz)Aw,

(A.1-46)

Where,

Y11 = X35X111 — X151%31

Y12 = X35X112 — X152X31

Y21 = X35X131 — X151X33

Y22 = X35%X132 — X152X33

Y31 = X35X141 — X151X34

Y32 = X35X142 — X152X34

Ya1 = TX361X151

Yaz2 = TX361X152

Ya3 = X35X16
Substitute Equations (A.1-35) in Equations (A.1-43):

0 = (515 + ¥52)AV4s + (V615 + Ve2)Aigs + (V715 + Y72)Awg + (V5152 + V825 + Yg3)Aw,

(A.1-47)

Where,

Y51 = TX251X31

Ys2 = X35X21 — X252X31

Y61 = X35X231 — X251X33

Y62 = X35X232 — X252X33
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Y71 = X35X241 — X251X34
Y72 = X35X242 — X252X34
Y81 = —X361X251
Y82 = TX361X252
Y83 = X35X26
Aigys and Aw, can be determined from Equations (A.1-46) and (A.1-47):

_ (21153+21252+213S+Zl4 ) Av (22153 +22252 +223S+Zz4_ )

Ai,. = A.1-46
as (0153+0,52+035+0,) as T (0153+0,52+035+0,) s ( )
(2315%+2325+233) (2415%+2425+243)
Aw, = Av, A.1-47
T (0183+0,524035+0,) " 45 + (01S3+0,524035+0,) " % ( )
Where,

01 = Y21¥81 — Ye1Ya1
0, = Y21Ys2 + ¥22Y81 — Ye1Yaz — Ye2Ya1
O3 = Y21¥83 + ¥22Y82 — Y61Ya3 — Ye2Vaz
04 = Y22Y83 — Ye2Va3
= Vs51Va1 — Y11Vs1
Z12 = Ys1Yaz2 T Vs52Ya1 — Y11YVs2 — YV12Vs1
Z13 = Ys51Ya3 T Vs52Ya2 — Y11YVs3 — YV12Vs2
Z14 = Ys52Ya3 — V12Y83
Z21 = YV71Ya1 — ¥Y31YVs81
Z2 = Y71Ya2 T Y72Ya1 — ¥Y31¥82 — Y32Vs81
Z23 = Y71Ya3 T Y72Ya2 — ¥Y31¥83 — Y32V82

Zy4 = Y72¥V43 — Y32¥83
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231 = Y11Ye1 — Ys51Y21
Z32 = Y11Ye2 T Y12Ye1 — ¥51YV22 — Vs2Y21
Z33 = YV12Ye2 — Ys52Y22
Z41 = Y31Ye1 — V71Y21
Zyz = Y31¥e2 T Y32Y61 — V71Y22 — Y72Y21

Zy3 = Y32Ve62 — Y72Y22

Substitute Equation (A.1-47) in Equation (A.1-45):

. _ (251S3+252$2+2535+Zs4) (26153+26252+Z635+ZG4)
Aigs = 3 2 Avys + 3 2 s (A.1-48)
(0,53+0,52+035+0,) (0,53+0,52+035+0,)
Where,

Zs1 = X41011 + X42211 + X44231
Zsy = X41012 + X42217 + X442Z3;
Zs3 = X41013 + X42213 + X44Z33
Zsy = X41014 + X42Z14

Ze1 = X43011 + X42Z21 + X44241
Zgz = X43012 + X422 + X4424
Zgz = X43013 + X423 + X44243
Zgq = X43014 + X42224

Substitute Equation (A.1-41) and Aws = 2mAf in Equations (A.1-46) and (A.1-47):

_ (a1153+a1252+a135+a14 ) (a21S3+a2252+a235+a24 )

Aigs = (01S3+0,52+035+0,) E+ (0153+0,52+035+0,) af (A.1-49)
. _ (a5153+a5252+a535+a54) (a61$3+a6252+a635+a64)
Aigs = (01534+0,52403540,) E+ (015340,52403540,) af (A.1-50)
Where,
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a;, =2z Az = 2MZy; as, = V2zs, A1 = 2MZg1
a1, = V22, App = 2MZy; as, = V2zs, Az = 2T Zg;
a3 = \/5213 Az3 = 2TZ33 sz = \/5253 A3 = 2MZg3
A4 = V2214 A4 = 2TZyy asy = V225, Qg = 2MZgy

The real power P and the reactive power Q of the induction motor can be formulated by
P = = (Vasias + Vasigs) (A1-51)
Qi = > (Vgsias — Vasiqs) (A1-52)
Substitute Equation (A.1-40) and (A.1-41) in Equations (A.1-51) and (A.1-52):
Py = %(\/EEiqs) (A.1-53)
Qi = > (V2Eigy) (A.1-54)

For the total real power, the Taylor expansion for Equation (A.1-53) can be written as

follows:
PIM = PIMO + aEAE + aiqSAiqS + aEl'qSAEAiqS (A1'55)
Where,

3 .
ag = 5 (\/Elqso)

3
Aigs = 2 (\/EEO)

3
QAgigs = NG

For the total reactive power, the Taylor expansion for Equation (A.1-54) can be written as
follows:

Qv = Qimo + bglE + bigAiys + agigsAEAL 4 (A.1-56)
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Where,
bg = > (V2iaso)

3
bias = 2 (\/EEO)

3

bEids - ﬁ
Substitute Equation (A.1-49) and (A.1-50) in Equations (A.1-55) and (A.1-56):
Py = Piyo + GPgimAE + GPryAf + GPgo iy AE? + GPgriAEAS (A.1-57)

Qim = Qimo + GQpnAE + GQfIMAf + GQpamAE? + GQEfIMAEAf (A.1-58)

Where, the coefficients are expressed by

_ Fi1S3+F;3S2+F;35+F14
GPEIM - 3 2
N1S3+4+N,S2+N3S+N,
GP _ F21S3+F;35%4+F,35+F;4
fIM — 3 2
N1S34+N,S24+N3S+N,
_ F31S3+F3,S2+F335+F3,
GPEZIM - 3 2
N1S3+N,S2+N3S+N,
GP _ F41S3+F43S%+F335+Fy4
EfIM = " N,S34+N,S2+N3S+N,
_ F51S3+F5,S?+F535+Fs,
GQEIM - 3 2
N1S3+4+N,S2+N3S+N,
GO _ Fe1S3+Fg3S%+Fs35+Fs4
fIM = "N S34N,52+N3S+N,
GO _ F71S3+4F;3S2+F;35+F;4
E2IM ™ N, S34N,S2+N3S+N,
GO _ Fg1S3+FgpS?+Fg3S+Fay
EfIM = N, S34+N,SZ+N3S+N,
Where,

Fiy = agNy + a;45a44
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Fi; = agN; + a;45a1
Fi3 = agN3 + a;45013
Fiy = agNy + Qiq5Q14
Fy1 = ig5a21

Fyy = aigsa2

Fo3 = ai45a23

F4 = QigsQ4

F31 = Qgigs11

F35 = QgigsQq2

F33 = agigsQy3

F34 = QgigsQa

Fu1 = Agigs21

Fup = Agigsasz;

Fu3 = Agigsas3

Fus = AgigsQoa

Fs1 = bgNy + bigsaz,
Fs; = bgN; + bigsas;
Fs3 = bgN3 + bijg5a33
Fs4 = bgNy + bigsa3y
Fe1 = bigsQaq

Fey = bigsQy;
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Fe3 = bigsQas

Fea = bigsQas

F71 = bgiqsQ31
F75 = DgiasQs;
F73 = bgiqsQs3
F74 = bgiqsQ34
Fg1 = DpiqsQas
Fgy = DpiasQa
Fg3 = bgiqsQ43

Fg4 = bgigsQas

A.2 ZIP Model

A ZIP model can be represented by the following polynomial equations [3]:

2
Pzip = Pzipo < ap (;—() + b, (Uio) + Cp) (1 + kprAf) (A.2-1)
2
Qzp = Qziro < a, (;’—0) + b, (;’—0) + cq> (1 + kyr4f) (A.2-2)
ay,+b,+c,=1 (A.2-3)
ag+bg+cg=1 (A.2-4)

The ZIP load model can be written in the similar format of real and reactive power of
induction motor. Equations (A.2-1) and (A.2-2) can be rewritten as follows:
PZIP = PZIPO + GPEZIPAE + GPfZIPAf + GPEZZIPAE2 + GPEfZIPAEAf + GPEZfZIPAEZAf

(A.2-5)
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Qzip = Qzipo + GQzipAE + GQrz1pAf + GQpozipAE* + GQprzipAEAf + GQpopzipAE*Af
(A.2-6)
Where, the coefficients are expressed by

__ Pzipo(bpt2ap)
GPgzip = — &

GPfZIP = PZIPOkpf

Pzipoap
GPEZZIP - B2
0
PZIPO(bp+2ap)kpf
GP =
EfZIP Eo
GP __ Pzipoapkps
E2fzIP = gz
Qzipo(bgt2aq)
GQEZIP - Eo

GQfZIP = QZIPquf

__Qzipoaq

GQgazip = E.2
0
Qzipo(bg+2ag)kqr
G =
QEfZIP Eo

__ QzipoaqKkgr

GAgzfz1p = T R

The AE2Af term in the ZIP load model represented by (A.2-5) and (A.2-6), is ignored as

the influence of the high order terms are much smaller.
A.3 Overall System

The total power of composite load model is the summation of induction motor and ZIP
model power consumption. Therefore, the transfer function-based load model transformed from

the composite load model is formulated as follow:
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P =Py + Pyp

Q=0Qm+ Qzp

P = Py + GP,AE + GP,Af + GP;AE? + GP,AEAf

Q = Qo + GQLAE + GQ,Af + GQ3AE? + GQLAEAf

The final form of the load model is

Where,

The initial real power PO and reactive power QO are

Py = Piyo + Pzipo

Qo = Qrmo *+ Qzipo

GP1:

GP2=

GP3:

GP4_=

GQ, =

GQ>

GQ3

GQ4

Where, the coefficients are expressed by

P11S3+P13524P135+P1,
N1S3+N,S%2+N3S+N,

Py1S3+Py35%+Py35+4P;,
N1S3+N»S2+N3S+N,

P31S3+P3,52+P335+P3,
N1S34+NS2+N3S+N,

Py1S3+Py3S%24+Py3S+Pyy
N1S3+N»S2+N3S+N,

Q1153+Q125%+Q135+Q14

N1S3+N,52+N3S+N,

Q2153+Q2252+Q235+Q24

N1S3+N,S2+N3S+N,

Q3153+Q325%+Q335+Q34

N1S3+N,S52+N3S+N,

Q4153+Q4252+Q435+Qua

N1S3+N,S2+N3S+N,

P11 = Fi1 + GPgzpNy

(A.3-1)

(A.3-2)

(A.3-3)

(A.3-4)
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Pyy = Fi3 + GPgzipN,
Py3 = Fi3 + GPgzpN3
Piy = Fi4 + GPgzipN,
Py1 = Fp1 + GPrzp Ny
Py, = Fpp + GPfZIPNZ
Py3 = Fp3 + GPfZIPN3
Py =Fpu + GPfZIPN4
P31 = F31 + GPgyzip Ny
P3; = F3p + GPgazip N,
P33 = F33 + GPgaz1p N3
P34 = F34 + GPgyzipN,
Pyy = F41 + GPgrzipNy
Py = Fap + GPgrzipN,
Py3 = Fy3 + GPEfZIPN3
Py = Fyy + GPEfZIPN4-
Q11 = F51 + GQgzip Ny
Q12 = Fs2 + GQgzipN;
Q13 = F53 + GQgzpN3
Q14 = Fs4 + GQpzipNy
Q21 = Fe1 + GQfZIPNl
Q22 = Fez + GQpz1pN,

Q23 = Fg3 + GQgz1pN3
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Q24 = Foy + GQfZIPN4

Q31 = F71 + GQp2zip Ny
Q32 = F72 + GQpzzip N,
Q33 = F73 + GQpzzip N3
Q34 = F74 + GQp2zip N,
Q41 = Fg1 + GQEfZIPNl
Q42 = Fgo + GQgrzipN;
Q43 = Fg3 + GQprzipN3

Q44 = Fg4 + GQprzipNy
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APPENDIX B Initial Value of Transfer Function-Based Load

Model

For Initialization of Transfer function-based Load Model, below Parameters Are Given:

Using the induction motor equations, initial value of induction motor can be calculated.

Vaso = Rslgso — (‘)SO(LsiqSO + Lmiqro) (B.1-1)
Vgso = Rsigso + Ws0(Lsiaso + Lmlaro) (B.1-2)
0= Ryigro — (W50 — Wro) (Limigso + Lrigro) (B.1-3)
0 = Ryigro + (W50 — Wro) (Lmlaso + Lriaro) (B.1-4)
Vaso = 0 (B.1-5)
Vgso = V2E, (B.1-6)

Ai ;- can be determined from Equation (B.1-3):

. 1 . .

laro = R, [(wso — (*)TO)(LquSO + Lrlqro)] (B.1-7)

laro = U11lgso + U12igro (B.1-8)
Where,

L
Ui = R_T((Dso — Wyo)
Ly
Uiz = R_T((Dso — W)
Aig, can be determined from Equation (B.1-3):
. 1 . .
lgro = — R, [(wso = Wro) (Linlaso + Lriaro)] (B.1-9)

lgro = Uz1lgso + Uz2laro (B.1-10)
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Substitute Equation (B.1-8) in Equation (B.1-10):

1

—— [Up1igso T UppUqql
(1_u12u22)[ 21ldso 22U111gs0]

iqu =

lgro = U31ldso T U32lgso

Where,

1

u =—7 U
31 (1-uqzuzz) 21

1
u = —————Uy U
32 7 (1~ugpuyy) 22711

Substitute Equations (B.1-5) and (B.1-12) in Equation (B.1-1):

laso = Ualgso
Where,

— (wsoLs+wsoLmUsz)
(Rs—wsoLmus1)

Uy

Substitute Equation (B.1-13) in Equation (B.1-12):

lgro = Uslgso
Where,

Us = (UzqUy + Usp)

Substitute Equation (B.1-13) in Equation (B.1-14):

laro = Uelgso

Where,

(B.1-11)

(B.1-12)

(B.1-13)

(B.1-14)

(B.1-15)
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Ug = (Ugg + us)

Substitute Equations (B.1-6), (B.1-13) and (B.1-15) in Equation (B.1-2):

iqso = U.7E0 (81'16)

V2
U.7_

N (RstwsoLsus+twsoLlmis)
Substitute Equation (B.1-16) in Equations (B.1-13), (B.1-14) and (B.1-15); we can

calculate igp, igro and iyso-
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