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ABSTRACT

One of the focus areas of the smart-grid initiative is residential level demand response.
Literature presents numerous demand response and load control programs. Some of the recent
surveys analyze price-responsive demand response optimization, mathematical modeling of
demand response, responsive demand forecasting, and communication requirements. Minimal
work is done to evaluate and incorporate the impact of such programs on the grid. The real-time
demand response program should benefit both utility and the consumers in an optimized manner.
Most demand response schemes in the literature fail to identify the benefit to the distribution
system. Only a few of publications in the literature indicate that the proposed demand response
programs could benefit the utility. Of that, only a handful of work shows and verifies the actual
benefits. One of the works, which evaluated the grid impact, focuses on individual appliances and
their contribution to voltage drop mitigation. Regardless of the benefit to the consumers, the utility
will not be interested in those programs if they do not provide a considerable benefit to them. This
has limited the distribution system operators from identifying the worth of demand response and
launch programs which are beneficial to both consumers and distribution operators.

This thesis addresses the value of demand response programs to the grid. The first part of
this thesis identifies the benefit of the demand response programs available in the literature. Next,
the thesis presents an approach to incorporate utility focused demand response benefits into
distribution system operation. This is done by maintaining distribution level requirements such as
minimal deviations in nodal voltage and power factor. A modified AC distribution power-flow
method is proposed along with the demand response as a constraint. The demand response
constraint is developed using the first part. The outcome of this work can be used by utilities to

evaluate the benefits of demand response programs
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CHAPTER 1

INTRODUCTION

1.1 Background

According to a report by the World Bank Group report, 85 percent of the world population
has access to electricity [ 1]. Therefore, this is the optimum time for power system engineers to see
a fast growth in the current grid system out of its long-established methods. The flat rate pricing
system used by the utilities has been rooted far too long and has been ingrained into the minds of
both the utility and the consumer. For them, the only way they could reduce the usage of energy
is to reduce the utilization of electricity. While most countries still use a flat rate unit price to bill
their electricity consumers, the USA is breaking free from this traditional flat fee pricing scheme.

New developments in many power system modules have steered utility companies to serve
more reliable and stable power to their end users. Because of this added observability in the system
the utility has gained the control over their distribution system and uses its real-time data
management system to identify system overloads, the demand profile’s shape depending on the
time and many more [2]. To serve their customers better, the utility has incorporated a tool called
Demand Side Management (DSM) to evolve in its conventional methods of generation,
transmission, and distribution [2]. The simplest idea of a DSM program is the understanding of
customer behaviors, the unpredictability of their electricity consumption and giving a choice to
customers to adjust their use of electric appliances according to the utility requirements. There is
currently a small number of utility companies in the US that use some demand response programs.
These programs persuade their customers to curtail their peak demands by giving back an incentive

payment for changing the accustomed behavior.



Traditionally, consumers can either demand or decline the power from a utility at any given
time of the day to operate their appliances. This dynamic consumer behavior is disadvantageous
to a utility compared to controlling consumer appliances. The amount of extra power a utility must
produce is much higher as they need to be prepared for such events. Having to keep running
standby generation units, or needing to buy extra generation from nearby wholesale electricity
sellers to meet the demand results in higher energy prices for the consumers. Generating more
power is certainly an option but it is a costly one when considering the environmental impact and
the limited access to fossil fuels. Thus, this solution is no longer an option for the current and
future grid operations. The growth of Distributed Generations (DGs) may be the solution but it is
far from perfect to work standalone in the electricity grid due to its irregular behavior and therefore
must be used as a secondary generation alongside more reliable power sources.

Over the years, electricity companies, especially in the United States, have been working
on addressing these issues and have implemented successful Demand Side Management (DSM)
programs in a number of states. So far, the utilities have implemented various Demand Response
Programs (DR) to manage consumer loads under their DSM, to meet the electricity demand
effectively as an alternative to increasing their generation.

While a Demand Response Program executed at the consumer level promises to give many
advantages to the utility, it is hard to perform without a good amount of customer participation.
Also, it is worth noting that how much of load each participating customer is willing to allocate
for the utility’s decision making is actually the key to a good DR program.

Optimal power flow is used in this thesis for a modified IEEE 4 Bus System, a radial
distribution network, to find the optimal power flowing into the nodes according to the given

system constraints in parallel with an aggregated load rescheduling model. The proposed



rescheduling model runs at certain times when consumer forecasted 24-hour load profile is much
higher than the utility’s historical (Excepted) forecasted load profile. The load rescheduling
program will follow the optimal system evaluations to rearrange the consumer appliances
accordance to the consumer preferable times to reduce peaks at higher demand times.

1.2 Organization of Thesis

This thesis consists of six chapters. Chapter 1 introduces the motivation of the thesis.
Literature review on Demand Side Management and Consumer Appliances are discussed in
Chapter 2. Proposed modeling is presented in Chapter 3 and Chapter 4 discuss the optimization
used. Numerical Analysis is done in Chapter 5 and Chapter 6 concludes this thesis with the

conclusion and future work.



CHAPTER 2

LITERATURE REVIEW

2.1 Demand Side Management

Recent technological advancements in autonomous controllers, communications, software,
data management systems and other fields have given an opportunity to power systems engineers
to rethink and improve the current gird from its conventional methods. The introduction of the
smart metering system in power systems has given much broader visibility between the consumers
and the utility. Utilities can now monitor the consumption of its customers remotely. Moving
forward from this initiative, the above said technological advancements have also given benefits
to the consumers as well. Utility companies such as Chicago ComEd Marketplace has already
started giving instant rebates to the residential customers who are using Energy Star certified
appliances, this one of their many benefits they provide to customers who take energy conserving
initiatives [3]. ComEd allows its customers to view its current electricity unit price so that they
can participate ComEd’s DSM program by turning on appliances when the ComEd reduce their
electricity price.

A survey on Demand Response Programs in Smart Grids by Vardakas et al. shows the

categorization of the various elements of Demand Response Programs in Figure 2.1.



Demand Response Programs

DR based on Control
Mechanism

Centralized
Programs

Distributed
Programs

DR based on Offered
Motivations

Price-based
programs

| | Incentive based
Programs

DR based of Decision

variable

Task scheduling
programs

Energy
management
programs

Figure 2.1: Classification of Demand Response programs [1]

DR methods address the controllability of consumer loads by, either gathering consumer

data with a centralized scheme or by giving total consumer consumption information to the Utility

[2]. Under the “Offered Motivations” category, the authors summarize that utilities allow the

consumers to shift their use of appliances according to the price information available from the

utility. This is incentivized to encourage consumers to make use of this method and reduce power

usage. In the last category, consumers are not incentivized and yet take the responsibility in

reducing their power usage by shifting their loads [2].

Varadaks et al. classifies the types of DR optimization techniques and presents a paper by

Yang et al. that uses convex optimization to minimize consumption based on system pricing

schemes. However, this model does not consider the impact of system requirements in terms of

voltage and power factor and is modeled to include only 100 consumers. This has given the

motivation for this thesis.




2.2 Consumer Appliances

Yang et al. introduced three main types of loads, base loads, schedulable Load and flexible
load. The base load is non-adjustable, and they satisfy the basic consumer needs such as lighting,
small electronic appliances, stoves, and refrigerators etc. Schedulable loads meanwhile can be
adjusted at the time of the day and do not depend on the total customer satisfaction. For example,
a consumer can change their electric vehicle charging time by an hour or to another preferable time
and still be able to charge the car fully. Flexible loads are types of appliances that can be used to
manage energy consumption in a house. Depending on the electricity price at the time of the day,
a user can adjust their temperature setting and still be able to live comfortably. For an example;
during a summer day a consumer could adjust their temperature from 72°F to a higher setting like

75°F.

Stamminger et al. [4] have shown detailed information on major domestic consumer
appliances in term of their energy consumption as well as other information. [5] has drawn the
load profiles for some of these appliances based on their historical data and active customer
participation to analyze its impact on the demand. The active customer participation (consumer
change their loads when the electricity price is low) for their model has shown how much of load

flexibility has impacted the system voltage.

Scheduling consumer appliances on their preference times based on system requirements
is evaluated in this thesis. This thesis will model the profiles for appliances that correspond to the

following two types.

1) Base Load

2) Schedulable Load



The base load mentioned in this thesis will contain all other appliance which is not described in

the Schedulable loads, including HVAC.



CHAPTER 3
PROPOSED MODELING
Aggregator level load modeling is considered for this thesis. The consumer appliance data is
sent to the local aggregator and aggregator is responsible for collecting and rescheduling their
consumer appliances according to the utility’s response. There are two types houses considered

for this model. These are, houses without DGs (n) and houses with DGs (m).
Total Load at Node (i) = X1-1(Pog + Pus) + Xm=1(Pmp + Pms — Pmpc) (3.1)

Where, Pg , Base Load, P; , Schedulable Load, Py , Distributed Generation

. Aggregator

0 1 2 3

Zo1

242
Substation PL+ja,t Pt +jQot ‘

+jQst

223
P4

A

Figure 3.1: Radial Distribution System

3.1 Consumer Appliances Data
In this proposed model, 6,000 residential customers were disaggregated to consumer
appliance level load profiles to gather data and to find flexible times the consumers tend to use the

below individual appliances numbered 1-5 in TABLE 1. The intent of this disaggregated load



profiles modeling is to identify the locations or the times of each appliance work. For the feeder

level modeling, the aggregated load of these appliances at each node is considered for optimization.

CONSUMER APPLIANCES DATA AT EACH NODE

TABLE 1

Node 02 Node 03 Node 04
Load Type Total Participants
2000 of Consumers 1700 of Consumers | 2300 of Consumers

Base Load 2000 1700 2300
HVAC 1900 1700 2100
Electric Iron 1500 1500 1300
i e 1000 600 800
Washer & Dyer 1200 900 1200
Random appliance 2000 1700 2300
Electric Vehicle 35 35 20

Distributed Generation 25 20 20

Total of 6000 customers is divided among the node 2, node 3 and node 4 by 2000, 1700

and 2300 customers respectively. It is also considered that not every household has or use every

single appliance listed above on any given day. Therefore, when modeling, the total number of

load types have been changed to be less than the total number of consumers from node to node.

However, a random appliance is introduced to this model, where, consumers are indeed able to use

their choice of equipment according to the utility rescheduled times.




3.1.1 Basic Household Load Modeling
For base household load modeling, it assumed that every single house at each node
demands some power from the utility to operate their basic human needs without being having to

sacrifice their comfort or the behavior.

TABLE 2
BASE LOAD INFORMATION
Real Power )
(15min) Requested time
Node 02 0.25~0.05 kW 24 hours
Node 03 0.25~0.05 kW 24 hours
Node 04 0.25~0.05 kW 24 hours

From small lighting appliances, stove to the refrigerator, the non-schedulable load is
separated from schedulable loads to ensure the customers are providing with enough demand for
day to day basic activities. Since these loads are non-schedulable, they are listed to be operated for
24 hours in the consumer forecast demand report.

3.1.2 Heating, ventilation and air-condition

The HVAC is selected as a baseload because of its complexity of modeling and the
consumer comfort. The ASHRAE standard 55, that comes along with it made the modeling
dynamic behavior for HVAC is more complex [6]. Depending on the consumer living space
measurements, the duration of its operating cycles, number of people living in a house and other

factor, the HVAC is decided to be considered as a base load in this thesis.
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TABLE 3

HVAC INFORMATION

Real Power )

(15min) Requested time
Node 02 ~0.050 kW 24 hours
Node 03 ~0.050 kW 24 hours
Node 04 ~0.050 kW 24 ours

3.1.3 Solar Panel
Rooftop solar panels are considered for modeling purposes. The idea of having some DGs
at each node to separate regular houses with houses with DGs. For a larger number of consumers,
the impact of DGs are rather small and assumed that extra power generated from the DGs are
consumed within the node; hence there is no reverse power flow. Hence it reduces the complexity
of modeling the DGs at radial distribution feeder.
TABLE 4

SOLAR PANEL INFORMATION /7]

Eesaél}’nczwer Operational time
Node 02 0~0.88 kW ~ 9 hours
Node 03 0~0.88 kW ~ 9 hours
Node 04 0~0.88 kW ~ 9 hours

3.2 Schedulable Load Modeling

The Schedulable loads are modeled for every single house, based on their requested time
of operation. Once the simulation is started, these appliances will be rescheduled to the following
schedulable time periods as preferred by the corresponding consumers. In this thesis, we assumed

that the requested time period and schedulable time period are the same for Electric Iron, Random

11



Appliance, and Electric Vehicle while Programmable Dishwasher and the Washer and Dryer have

given proffered time period because of their autonomous nature once programmed.

3.2.1 Electric Iron
Electric Iron is considered as a reschedulable load for modeling purposes in this thesis. The
frequency of use per day is assumed to be once and it is also assumed that it would be used for 30
minutes for a single household. The power and the time schedules are listed in the table 5.
TABLE 5

ELECTRIC IRON INFORMATION

R??g.igger Requested period Schedulable period
Node 02 0.35~0.23 kW 6 AM - 10 PM 6 AM-10PM
Node 03 0.35~0.23 kW 6 AM - § PM 6 AM- 10 PM
Node 04 0.35~0.23 kW 6 AM - 10 PM 6 AM-10PM

3.2.2 Programmable Dishwasher
The frequency of use of programmable dishwasher per day is assumed to be once and it is

assumed that it would be used for 150 minutes as shown in table 6, for a single household [8].

TABLE 6
DISHWASHER INFORMATION
Real Power . .
(15min) Requested period Schedulable period
Node 02 0.75 ~0.35 kW 2PM-5AM 2PM-6 AM
Node 03 0.75 ~0.35 kW 8 AM - 6 PM 6 AM-10 PM
Node 04 0.75 ~0.35 kW 2PM-5PM 12PM -6 AM

12




3.2.3 Washer & Dryer

The frequency of use per day is assumed to be once for washer and dryer and it is assumed

that it would be used for 90 minutes as shown in table 7 for a single household [9] [10].

TABLE 7
WASHER AND DRYER
Real quer Requested time Schedulable time
(15min)
Node 02 0.90 ~0.75 kW 9AM - 10 PM 6 AM-11PM
Node 03 0.90 ~ 0.75 kW 10 AM -3 AM 10 AM - 6 AM
Node 04 0.900.75 kW 9AM- 10 PM 6 AM-11PM

3.2.4 Random Appliance

A choice of applaince is given to the consumers considering their satisfaction and must

be used within the rescheduable times given by the utility. The frequency of use per day is

assumed to be once a day and it is assumed that it would be used for 60 minutes for a single

household as shown in table &.

TABLE 8
RANDOM APPLIANCE
Real quer Requested time Schedulable time
(15min)
Node 02 0.4~0.2kW 6 AM - 11 PM 6 AM - 11 PM
Node 03 0.4~0.2kW 6 AM - 10 PM 6 AM - 10 PM
Node 04 0.4~0.2kW 6 AM - 11 PM 6 AM - 11 PM

13




3.2.5 Electric Vehicle
The frequency of use per day is assumed to be once a day and it is assumed that it would
be used for 4 hours to charge for a single household. The average real power required to charge

the vehicle and duration of the requested time periods are shown in table 9.

TABLE 9
ELECTRIC VEHICLE
Real quer Requested time Schedulable time
(15min)
Node 02 1.65~1.13 kW 6 PM - 6 AM 6 PM - 6 AM
Node 03 1.65~1.13 kW 5PM -6 AM 5PM -6 AM
Node 04 1.65~1.13 kW 6 PM - 6 AM 6 PM - 6 AM

3.3 Modified AC Power Flow Model

A simplified version of power flow model is derived from the original optimal power flow
equations presented in [11] and since this thesis does not consider the cost of utility power
generation, the optimality for utility is not discussed. However, the distribution system constraints
such as standard Nodal Voltages and Power Factors are considered as hard constraints for the
system-wide optimality.

A one-way power flow is considered in this thesis. The power coming out of the substation

will go to all the nodes to supply the demand.

Vi yli Vi+1 ,|i+1

ol | >
| <

Figure 2.2: Power flow between two adjacent nodes
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The complex power flow through the lines is modeled. For generalization, the equation for
the power flow between two adjacent bus or the nodes i and (i+/) can be written as follows.
Siit1 = Vij+1liiza (3.2)
where,
Vi i+1 is the voltage drop between node i and (i+1); and I, is the current flow from
node 7 and (i+1/). Using, Ohm’s law V = IZ, bus voltage magnitude (V/;) and voltage angle (6;),
the above equation can be rewritten as follows,

_ VE-ViVigs (05 (0i41-0)+jsin (0i11-6))

S Zir (3.3)
where,
Z=r+jx (3.4
Resistance is denoted by “r” and reactance by “x”,
Z'=r—jx (3.5
And can be rewritten as,
S = [VE-ViVii1(cos(8ih1—0)+isin (0111=0:))] (i 1 +i%ii41) (3.6)

2 2
Thir1 T i1
By separating real and imaginary parts, we can obtain the real power flow equation 3.7

and reactive power flow equation 3.8 below.

2 ,
p = Viriiv1=ViVis1Tii41 ©S (0i+1—0)+ViVip1Xii+15in (0i41—67) 37
N z (3.7)

2
Tit1tXii+1

and

Q= JVExii41=JViVie1 %1410 (0141—0)—=jViViy17iip15n (0141—6;) (3.8)
= 2 _

2
Tit1tXii+1

15



It is considered that the voltage angle is small between two nodes along the distribution
feeder during steady state operation [11]. Therefore, the following assumption is made.
cos(Bi;1 —0;) =1 (3.9)
Because the difference is so small and when it is close to zero, the Cos (~ 0) =2 1.
Also, for Sin terms, we assume that Sin(6;,, — 6;) = 6 because the angle difference
between two buses is so small and measured in radians, and when it is close to zero, but not zero,

Sin(Gi+1 - Gl)——> justthe 91+1 - Gi =36 (310)

Based on the above assumptions, and then substituting each relevant notation, the

following final equations can be derived from real (equation 3.11) and reactive power (equation

3.12) flows.
Vi((Vi+1—Vi)ri,i+1+51,i+1Vi+1Xi,i+1)
Piipy = LE (3.11)
Tit1 i1
and
_ jVi((Vi+1—Vi)xi,i+1+5i,i+1Vi+1ri,i+1)
Qii+1 = 2 (3.12)

2
i+t Xii+1

The above two equations are used as real power and reactive power flow constraints in

the optimization section.

3.4  Power Loss Consideration
It is assumed that other equipment along the transmission lines have negligible impedance
and do not add substantial losses to overall system impedance. Therefore, line loss between two
nodes along the copper conductor can be calculated as follows,
PSS = e[l |2 (3.13)

16



by substituting Ohm’s law

2, 1,2
_ Tiie1 (V7 +Vi51—2ViVigq ©0s (0i41—-6;))

(ri2,i+1+xi2,i+1)

Ploszs

(3.14)

And by using the assumptions of the voltage angle is small between two nodes along the

distribution feeder as above, equation 3.14 is obtained

rii01(VE4+VE =2V V;
les — l,l+1( A 1+1 1 l+1) (315)

(rfiprtxFi41)

The power loss at distribution level is considered in the power flow model to improve the
accuracy of the proposed model only.
3.5 Power Factor

The power factors, (Os «; at the nodes are calculated by the following equation.

@ a; ==t (3.16)

Where P is real power flowing into the node and S is the apparent power.

3.6  Appliances Rescheduling

The control of these appliances has increased further by up to 4 times. A single one-hour
period has been divided into 4 quadrants of 15-minute time frames to control an appliance more

effectively.

By doing so, it helps to reduce the energy loss by not wanting to generate for next 45,30,15
minutes if an appliance is switched off by hour and quarter. For an example, if an appliance, like
washer and dryer both works for around 80 minutes in total. That is, in fact, one hour and 20

minutes. If the scheduling control in done hourly, the utility must supply the demand for next two
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hours. Since the control is now designed for a 15-minute time interval, the utility can easily stop

supplying the extra power for the next 30-minute time period.

However, on the downside of this control is that it takes much more computational time to
obtain acceptable results. Therefore, it needs to be controlled by limiting the number of runs it
takes to scheduling appliances and the number of times it spends on rescheduling the same time

interval.

Is
consumer demand at
time (t)

If
run > limit <
Utility forecast at
time (t)

> Go back
Figure 3.3: Consumer Appliances Rescheduling
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The rescheduling model is designed for consumers with schedulable appliances. Once the
location of the individual appliance is known, the process starts for time ¢, a time interval where
the utility forecast is lower than consumer requested forecast. The next step is to find random
appliance that requested to be working for time t. An aggregator then finds a house that would use
the selected appliance and rescheduled it to different time £. Once the rescheduling is completed
for an appliance, the information is updated to the system. This is done after rescheduling is
occurred to ensure that consumer forecast data are up to date. Once the rescheduling is completed,
it would check if the consumer forecast is higher than what utility forecasted, and if it is true, the
model will run for maximum of 20 reschedules at each time t to reduce the consumer forecast load
from time ¢ to another time locations £. The limit is there to ensure to complete the rescheduling
appliances within a timeframe and considers the consumer satisfaction by limiting the number of
appliances to be scheduled. Once the rescheduling is completed, the program goes back to the
optimization model and must restarts it to run from the beginning since the appliances now have

been rescheduled to different time intervals.
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4.1

CHAPTER 4

AGGREGATOR LEVEL MODELING

Objective function

The objective of this overall model is to supply the consumer forecasted loads close to the

utility forecasted load and keeping the local adjacent nodal voltages close to one per unit.

Therefore, a multi-objective function is developed to address all above requirements.

L

IL.

The overall forecasted power difference between the aggregated nodal real power and the
utility’s substation forecasted load is minimized. It is assumed that the utility forecast is
based on its historical data and also by the available scheduled generation for tomorrow.
The objective of the utility is to operate their generation units as forecasted and if at times
the utility is unable to serve because of higher demand from the consumers, the consumer

load is rescheduled at a secondary stage.

fin (AP) = (Bs — ¥, P)° (4.1)

To keep the operational voltage magnitude throughout the system close to substation
required voltage levels, adjacent nodal voltage deviations are minimized and kept close to
1 per unit. This helps the substation to operate in an established manner as expected and
also to provide steady power supply to the consumers without damaging their appliances.

H'\f/l_ (AV)? = X1, (V; = V)? 4.2)
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The multi-objective function follows, after including all the above individual objectives.
. 2 _
P (PY° — ZaR)” + Xi, (Vi — W)? (4.3)

1, represents the variations in the utility forecasts. In this thesis three different utility
forecast are considered for case study. The constructed multi-objective function is evaluated to be
a not strictly convex problem and to find better solutions, the following constraints are used to

border its variations.

4.2 Constraints
The following nodal power constraints are modeled to follow the Kirchhoff’s Current Law

(KVL). The following figure is used to illustrate the power injection to a generalized node.

P-1),i Pii+1
Q(i-1), Qi ji+1
>
P[ossi_1 i | <

Pi Q]

Figure 3.1: Feeder sections connected to node i /11]

a. Real Power Flow

Power flowing into the node i, can be computed as follows. The power loss considered for

the line segmenti — 1 to i.
P, =P, — P — Py (4.4)

Where,i = 1..N
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b. Reactive Power Flow

Power flowing into the node i, can be computed as follows. The power loss considered for

the line segment { — 1 to i.

Qi = Qii—1 — Qii+1 (4.5)

Where,i = 1..N

c. Power Factor

PFmin < (©s (0] < PFmax (46)

The power factor at each node i is kept within the operating conditions to deliver a reliable
power supply to the consumers. Although it is considered to be the responsibility of the commercial
consumers to maintain power factor within the rated limits, in this thesis we have passed the
responsibility to the residential customers as well. A good power factor is a sign of a good power

supply as well as the quality of the utility.

d. Voltage Limits

The nodal voltages are kept within the American National Standards Institute (ANSI) [12]
voltage limits to ensure that system operating conditions are met. Since it’s the responsibility of
the Utility to supply power at the rated voltage, they would ensure that these conditions are met

despite the fact of the consumer's irregular behavior.

Vmin < Vi < Vmax (4-7)
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Also, the maximum and minimum real power and reactive power variation at each node
are limited by a percentage of its forecasted power demand. This is to ensure that the customer

forecast converges around the utility forecast and is not too far from it when it is optimized.

/ at tnlc (t) /

Run power flow to determine the
optimal load at time (¢)

Run Rescheduling for time
(t)

A

Figure 4.2: Aggregator level process
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The above flowchart describes the process of a simulation for time t. The process starts
with picking up the aggregated nodal power from the consumer demand forecast. The optimization
algorithm starts to find accurate nodal power supplied to minimize the deviation in the utility load
forecast and the consumer demand forecast as well as minimize the nodal voltage deviation. Once
the constraints are satisfied, the simulation outputs power for each node and will compare with its
aggregated consumer demand forecast power to ensure that at time t, the substation could meet

the demand.

The output power from the optimization, as mentioned before, will always try to meet the
utility load forecast because of the objective function conditions. If the simulation could not meet
the demand, in the second step of this process, appliance rescheduling starts. When it finishes, the
simulation will start from the beginning. This is to ensure that every time slot is optimized for the
given distribution system conditions once the appliance rescheduling has distributed among the

number of the time slot.
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CHAPTER 5
NUMERICAL ANALYSIS
IEEE 4 bus radial distribution feeder with a rated voltage of 4.16kV line to line is used for
numerical analysis for this proposed model [13]. It is assumed that each node is controlled by a
local aggregator and node 2 to 4 are modeled with the consumers considering line impedances
according to table 10. This radial distribution feeder is modeled with the assumption of
unidirectional power flow and the following line information is taken from the IEEE 4 bus test

feeder data available on [13].

TABLE 10
LINE IMPEDANCE DATA
1 2 3

Zjj | 0.087+50.20 | 0.088+50.20 | 0.13+70.30

However, the following test feeder is modified by neglecting the local substation
transformer.

I/1 491 VzLHZ V3493 V4_LH4

ml-| |-

Figure 4.1: IEEE four node distribution test feeder [/3]
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The following table shows optimization boundaries and their initial states. The voltage

limits are preferred to be around 1 p.u. Since the purpose of this model is to analyze the impact of

real power on the system, the variation of real power is limited by + 0.3 % of consumer forecast

data for each time. Therefore, the reactive power boundaries are loosened up to support hard

constraints such as power factor and voltage deviation.

TABLE 11

OPTIMIZATION LIMITS AND DATA

Variable Type Lower bqund (per | Upper Bqund Initial state (per
unit) (per unit) unit)
V; Node Voltage 0.9 1.1 1
0; Node Angle -1 1 0
Consumer Consumer
R Real Power Forecast X 0.7% | Forecast X 1.3% Forecast
. Consumer Consumer
Qi Reactive Power Forecast X 0.01% | Forecast X 2.6% Forecast
PF Power Factor 0.8 1 1

Using the “fmincon” function in MATLAB optimization toolbox, the optimal solutions

that satisfy the distribution system requirements are obtained for a 24-hour period [14]. The

following pseudocode shown in figure 5.2 shows the basic steps that need for an objective function

optimization. The nonlinear constraint function at line 25 and rescheduling programs at lines, 31,

33 and 35 for each node are called separately at respective lines by the program.
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1 for L = 1 : Number of consumer forecasts

2 for Uf = 1 : Number of Utility Load forecasts

3 Load Real power from consumers

[ Load Reactive power from consumers

5 Load Distribution line data

6 Load Utility expected load forecast (Uf)

7 input initial data

8 Convert all data in to "Per Units"™

9 while (n<=396) % Number of Time Periods Per Day
0

1 objective = @(V) (wl*({{(UtilityForecastin)) - (NodeDZ+Nodel3+Node04))"2))«
+ (w3 (VI-V{1}p"2)+ (VL) =V n2) + (V{3 -V "2h) ) s

B % initial gquess

12 v = [1,0,1,0,1,0,Load2, Load3, Load4, Load2Q, Load3Q, Load4Q] ;

13 % wvariable bounds

14 % Lower Bound

15 lb = [D.9%,-1,0.9,-1,0.9,-1,RLMin2, RIMin3, RIMind, QLMin2, QLMin3, QLMind];
16 % Upper Bound

17 wb = [1.1,1,1.1,%,1.1,1,RLMax2,RIMax3,RIMax4, QLMax2, QLMax3,QLMax4d];
18 % linear inequality constraints

19 A= []:

20 b= [];

21 % linear equality constraints

22 heq = []:

23 beq = [1:

24 % Calling nonlinear constraints

25 nonlincon = @nlconVld4;

26 % optimize with fmincon

27 [V,fval,exitflag,output] = fmincon:objective,VD,A,b,Aeq,beq,lb,ub,f
nonlincon) ;

28 Print optimal solutions

29 % Conditions check with optimal solutions

30 if Consumer demand > Utility forecast load at HNode D2

FL Reschedule at Node 02

32 elseif Consumer demand > Utility forecast load at Hode 03

33 Reschedule at Node 03

34 elseif Consumer demand > Utility forecast locad at Node 04

35 Reschedule at Node 04

36 end

37 n=n+l;

38 end

39 end

40 Print Final Solutions in Per Units for Consumer Forecast(L) against Otility Loadw’
Forecasts (Uf)

41 end

Figure 5.2: Optimization using built-in fmincon function
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The following analysis is simulated, and the results show the voltage deviation and
distribution feeder power factors after rescheduling of consumer loads for 30 consumer forecasts

as shown in figure 5.3.
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\®]
S
S
(e

1900

1800

1700

6:15 AM 11:03 AM 3:51 PM 8:39 PM 1:27 AM
Time

Figure 5.3: 30 Consumer Demand Forecasts

The following figure 5.4 shows the utility forecasts. The slightly varied three-different

utility forecast were considered to evaluate consumer load rescheduling as discussed.
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Figure 5.4: Three utility load forecasts

The simulation results have analyzed further by categorizing them into two areas. Frist,
how the rescheduling has benefitted the consumers and second, how it has benefitted the utility by
at distribution level. This was the motivation to this thesis and two of the objectives we considered

to identify the benefit to the consumers as well as the utility.

As for the consumers benefit, their satisfaction is considered by evaluating the number of
appliances that have been rescheduled by the DR program. Table 12 shows the average number of
consumer appliances rescheduled for each utility forecast for 30 consumer forecasts with the same
number of appliances. The appliances types, electric iron, and random appliances have shown be
have been rescheduled more than the other appliances for every utility forecasts. The reason is that
the electric iron and the random appliance categories both have lower power requirements. Hence,

they need to be scheduled more than one time to reduce significant power reduction and to archive,
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utility expected load forecast profile. Also, they are scheduled to operate at the wider time period.

Therefore, the rescheduling process has selected these two appliances more times than the others.

TABLE 12

NUMBER OF RESCHEDULED APPLIANCES FOR UTILITY FORECAST 01

Node 02 Node 03 Node 04

Total Participants at each node

Out of 2000 Consumers Out of 1700 Consumers Out of 2300 Consumers

Total Total Total
Bt Rescheduled Eanitlofgrmits Rescheduled T Rescheduled
1500 219 1500 157 1300 268
1000 32 600 18 800 74
1200 57 900 23 1200 60
2000 263 1700 215 2300 313
35 6 35 5 20 4
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TABLE 13

NUMBER OF RESCHEDULED APPLIANCES FOR UTILITY FORECAST 02

For utility forecast 2
Node 02 ‘ Node 03 ‘ Node 04
Total Participants at each node
Load Type
Out of 2000 Consumers ‘ Out of 1700 Consumers ‘ Out of 2300 Consumers
"ljoFal Rescheduled "ljoFal Rescheduled TOFal Rescheduled
Participants Participants Participants
Electric Iron 1500 165 1500 145 1300 211
R 1000 18 600 6 800 33
Dishwasher
W 1200 35 900 17 1200 44
Dyer
Random
; 2000 197 1700 181 2300 224
appliance
Electric
Vehicle 35 4 35 3 20 3
TABLE 14

NUMBER OF RESCHEDULED APPLIANCES FOR UTILITY FORECAST 03

Node 02 Node 03 Node 04
Total Participants at each node
Out of 2000 Consumers Out of 1700 Consumers Out of 2300 Consumers
Total Total Total
it Rescheduled it Rescheduled Pt it Rescheduled
1500 221 1500 146 1300 292
1000 30 600 6 800 78
1200 43 900 23 1200 55
2000 279 1700 208 2300 330
35 8 35 6 20 7
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The benefit to the utility at distribution level is considered by evaluating the voltage
deviation and how the rescheduled consumer forecast demand profile is following the utility
expected load profile. Also, by rescheduling the consumer appliance load, this thesis considered
to keep the power factor at each node within the limits. Finally, after rescheduling the times that
consumer demand is higher than the utility expected load, is evaluated by calculating the energy

over forecasted to be considered in the utility’s next day generation.

The average voltage deviation before and after rescheduling at each node, for each utility
forecasts, are presented below. Figures 5.5 shows without rescheduling while figure 5.6 shows the
node voltages after rescheduling for utility forecast 01. The rescheduled nodal voltages are kept
close to 1.0 per unit and within the limits of 0.9 and 1.1.

1

\ 0 - =

0.98 N /
= 0.96 ~
5 \,/ N J 7
S .94
E — —node 2
S 0.92
:Z node 3
> 0.9
O
= node 4
Z 0.88

0.86

6:00 AM 10:48 AM 3:36 PM 8:24 PM 1:12 AM 6:00 AM

Time of Day

Figure 5.5: Node voltages for utility forecast 01 without reschedule
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Figure 5.6: Node voltages for utility forecast 01 with reschedule

Voltages for utility forecast 02 without rescheduling is shown in figure 5.7 and with

rescheduling is shown in figure 5.8 below.
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Figure 5.7: Node voltages for utility forecast 02 without reschedule
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Figure 5.8: Node voltages for utility forecast 02 with reschedule

Voltages for utility forecast 03 without rescheduling is shown in figure 5.9 and with

rescheduling is shown in figure 5.10 below.

0.85
6:00 AM 10:48 AM 3:36 PM 8:24 PM 1:12 AM 6:00 AM
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Figure 5.9: Node voltages for utility forecast 03 without reschedule
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Figure 5.10: Node voltages for utility forecast 03 with reschedule

The following figure 5.11 shows the average consumer forecast based on 30 different
consumer forecasts and then the average demand rescheduled for every 30 simulations for the
historical Utility forecast 01. The figures 5.12 and 5.13 also shows the average consumer demand

rescheduled profile for the Utility historical forecasts 02 and 03 respectively.
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Figure 5.11: Consumer rescheduled demand for utility forecast 01
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Figure 5.12: Consumer rescheduled demand for utility forecast 02
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Figure 5.13: Consumer rescheduled demand for utility forecast 03

The figure 5.14 illustrates the average number of times the Utility load forecast was unable
to serve the consumer demand forecast, after its being rescheduled. These times must be well-
thought-out by the utility in order to plan their generation for the forecasted day to supply their
customers. Closer and beyond the utility expected load profile projected, around the consumer
demand forecast profile, the faster it converges around the utility load forecast once the
rescheduling has started. This also enables the simulation to archive lesser number of times that
that consumer load profile is going beyond the Utility load forecast profile. The utility load forecast
02 shows a higher number of times than other load forecasts, while forecast 01 shows the minimum

number of times that the rescheduling has unable to serve consumer demand. It should worth to
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remember that each of these simulations has completed satisfying the distribution level

requirements.

- Utility forecast 01 = Utility forecast 02 ® Utility forecast 03
40

Average number
o (O8]
(e S

—_
[e)

Figure 5.14: Average number of times that the rescheduled forecast higher than utility forecast

Because of that, the figure 5.15 box plot graphs for corresponding Utility load forecasts,
shows the average consumer energy over forecasted and the whiskers show the maximum and

minimum energy that could not serve during each corresponding Utility forecast 01, 02 and 03.
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Figure 5.15: Average Energy Usage Over forecast
38



On average for simulations ran for utility forecast 01, shows an average of 170 kWh of
energy not being able to supply, with a maximum of 240 kWh and a minimum of 125 kWh energy
not being able to serve during two of its 30 simulations. The maximum of an average of energy
not being able to serve is when the 30 simulations ran for the utility forecast 02 with an average of
around 290 kWh. It had a maximum of 340 kWh energy not being able to serve according to the
utility forecast 02. The simulations ran for Utility forecast 03, shows the average 260 kWh energy
which places between the Utility forecast 01 and 03.

These utility forecasts profiles indicate that need of a better accurate model to predict close
to the Consumer forecast for their planning for the next day. As mentioned before, the closer the
utility load forecast gets, the minimum number of chances that the reschedule of consumer

appliances must be done and it benefits the consumers at large.

The figure 5.16 to 5.18 shows the average power factor results for three utility forecasts.
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Figure 5.16: Power factor for Utility Forecast 01
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Figure 5.17: Power factor for Utility Forecast 02
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Figure 5.18: Power factor for Utility Forecast 03

Since the number of appliances is not changed for this model, and also power factors are

used as hard constraints for the objective faction, the graphs show a little variation. However, the
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power factor values are within the range of 0.8 and 1. Being the results within the expected range

or better gives an added value to this research.
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CHAPTER 6

CONCLUSION AND FUTURE WORKS

6.1 Conclusion

This thesis addresses the possibility of rescheduling consumer appliances at peak loads
during system overload conditions according to the distribution system requirements. In the
numerical analysis, the three different levels of utility load forecasts were considered to evaluate
the possibility of changing consumer appliance to different times of the day to help the local
substation to provide an uninterrupted power supply without having to turn on additional generation
units or buying power from nearby sellers. The analysis shows the number of appliances
rescheduled for all the utility forecasts. On average, the rescheduling was successful in the curtailing
the peak demands. As expected, it created some extra demands at lower demand periods. This would
suggest, that the lower demand times can support extra demand and also support the distribution

system requirements.

6.2 Future Work

The future scope of this thesis can be extended to following topics.

1) Inclusive of a cost model that could use to show the rescheduling has lowered the Utility
generating costs by assigning different prices for different levels of Utility’s forecasted load.

2) A surveyed consumer appliance usage data including their preference time to use such
appliances if the requested time is not available. This would give a better understanding of
consumer needs and behavior. Also, unexpected proffered time would benefit this model by being

able to reschedule loads to those times.
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3) The active consumer participation can be used to evaluate how much power can be
rescheduled by the utility depending on a number of customers at different percentage level at each
node.

4) Increase the number of schedulable appliances types such as a thermostat, HVAC etc.
and prioritize the appliance to be scheduled without randomizing. Rescheduling of larger power
consuming appliance from one house rather than electric iron from 20 houses, benefit the
consumers by reducing a number of consumers needed to be affected.

5) Also, the increasing number of DGs can be used to evaluate the demand profile at a

house with DG with a regular house without DG.
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