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ABSTRACT 
 
 

Demand response programs are becoming an integral part of the power system, helping 

create a closer alignment between the electrical service providers and customers. The research 

described in this dissertation uses the residential demand response (DR) program during a peak 

demand event to determine the demand reduction capacity as a virtual storage (VS). The amount 

of demand that is reduced due to the demand response program is analogous to the amount of 

energy discharged by storage to reduce the demand. Since there is no hard storage involved, 

demand reduction is taken as VS.  

The aggregator is a third party who communicates between the client (electrical service 

provider) and customers to utilize the virtual storage capacity. The aggregator provides incentive 

to customers to take control over their thermostat and receive a reward from the client for load 

reduction. A mathematical model was developed based on reward and incentive to maximize the 

aggregator profit. Incentives must benefit both clients and customers in order for programs to 

succeed.  

This dissertation is based on two concrete areas: predictive analytics to estimate the level 

of residential participation, and mathematical modeling of the load reduction capacity of a demand 

response program as a virtual storage system and its optimization. 
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CHAPTER 1 

INTRODUCTION 
 
 

This dissertation focuses on a residential demand response (DR) program. It estimates the 

level of residential participation in a DR program and load reduction capacity available during 

peak load events, and models the load reduction capacity as a virtual storage (VS) system. As in 

the marketing business, identifying target customers is vital in the DR program, thus making it 

more efficient and productive. Additionally, peak load events are very critical in the power system; 

therefore, it is essential to model an effective demand response program. 

This dissertation is divided into two concrete areas. Chapter 2 covers predictive analytics 

to estimate the level of residential participation, and Chapter 3 provides the mathematical modeling 

of load reduction capacity of a demand response program as a VS system and its optimization.   

1.1 Structure and Contribution of Chapter  2  

• Section 2.1 presents a brief background and the importance of a residential demand 

response during peak demand periods.  

• Section 2.2 presents the previous work related to demand response, the Kansas climatic 

zone, and its residential insulation codes. It also explains a price-based and an incentive-

based demand response program. 

• Section 2.3 presents the research objective of this study, explaining the predictive analytics 

technique, DR model, and aggregator. 

• Section 2.4 presents the problem statement, including data sources and the problem 

formulation. It also presents the software model used for predictive analytics and the DR 

program.  

• Section 2.5 presents results of the predictive analytics.  
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1.2 Structure and Contribution of Chapter 3 

• Section 3.1 presents energy storage systems (ESSs) and their importance in today’s power 

world, and also provides a brief background of the VS system.  

• Section 3.2 presents the role of the aggregator in demand response and previous work 

related to VS.  It also explains distributed energy resources (DERs) and its operating 

procedure.  

• Section 3.3 presents the research objective of the VS model, and introduces the system 

model and software used.  

• Section 3.4 presents the problem statement, including the cluster demand reduction 

capacity at different thermostat settings and formulation of the VS mathematical model. It 

also explains constraints and assumptions used to optimize the mathematical model. 

• Section 3.5 presents the results of cluster demand reduction capacity at different thermostat 

settings and the VS mathematical model.  
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CHAPTER 2 

PREDICTIVE ANALYTICS TO ESTIMATE LEVEL OF RESIDENTIAL 
PARTICIPATION 

 
 

This chapter presents the first part of this research, which is to estimate the level of 

participation of residential customers based on their socioeconomic behavior using a predictive 

analysis technique.  

2.1 Background 

A balance between electricity demand and supply is always a challenging task for electrical 

service providers (ESPs), especially when demand is constantly increasing. Summer and winter 

days with greater weather extremes due to global climate change add to the challenge. The U.S. 

Environmental Protection Agency’s recent “Clean Power Plan” will force the retirement of older, 

conventional coal-fired generating plants. When demand peaks during the course of a day, ESPs 

need to start reserving generation capacity to respond to the additional demand. Typically, natural 

gas-fired generators are used because of their ability to quickly change output, but they are 

expensive to run and emit carbon dioxide (CO2).  If demand increases beyond this available reserve 

capacity, then ESPs will be forced to shed load and may need to pay substantial penalties to 

compensate affected customers. As a result of these circumstances, ESPs are in need of options, 

especially during peak demand periods. One of those options is demand response [1]. 

According to the United States Department of Energy (DOE), demand response is “a tariff 

or program established to motivate electrical use by end-use customers in response to changes in 

the price of electricity over time or to give incentive payments designed to induce lower electricity 

use at a time of high market price or when grid reliability is jeopardized” [2]. DR can also be 

defined as a change in normal electrical usage patterns. It offers some capability to resolve present 
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and future energy challenges. It can take the form of consumers reducing or shifting their electricity 

usage based on time-based rates or other financial incentives, or it can be a direct-load-control 

program, whereby ESPs cycle the loads of heating, ventilation, and air conditioning (HVAC) 

systems, water heaters, or other loads during peak demand periods. 

Residential customers account for almost 40% of total electricity usage [3]. The 

effectiveness of DR depends on the efficiency of residences, consumer willingness to participate, 

number of occupants, and potential electrical bill reduction. Residential energy efficiency includes 

a variety of features [4]: 

• Heating efficiency, annual fuel utilization efficiency (AFUE), blower motor efficiency, 

heating seasonal performance factor (HSPF), and air conditioner efficiency or seasonal 

energy efficiency ratio (SEER), and energy efficiency ratio (EER). 

• Wall, ceiling, floor, and roof insulation. 

• Glass coverage, orientation, and efficiency (solar heat gain coefficient [SHGC]), U-factor). 

• Residential size and design. 

• Shading and exposure to wind. 

• Air infiltration. 

Demand response programs are becoming an integral part of the power system, helping 

create a closer alignment between the ESP’s resources and customer use. DR incentives must 

benefit both ESPs and participating customers in order for programs to succeed. They should be 

more economical for ESPs than operating reserve generation capacity to manage peak load events. 

A DR program can serve as a cost-effective and dependable technique to reduce peak loads, 

insuring system stability without building an excess backup generation infrastructure [5][6].  
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Moreover, increasing construction costs and concerns about global climate change elevate the 

importance of DR programs 

2.2 Literature Review 

According to the 2009 “A National Assessment of Demand Response Potential” report by 

the Federal Energy Regulatory Commission (FERC) [7], the peak demand without DR is estimated 

to increase 1.7 percent every year, reaching approximately 950 GW by 2019. However, this study 

points out the limitation of data and the importance of research on the effects of energy-efficiency 

programs [7]. A residential energy consumption survey (RECS) performed by the U.S. Energy 

Information Administration (EIA) [8] shows a rapid increase in the use of air conditioning (AC) 

in U.S. homes. This 2009 survey showed 87% of U.S.-occupied houses had AC, compared to 68% 

of homes in 1993. Figure 1 shows the steady growth of houses equipped with AC among all 

housing types in all census regions. This survey revealed that housing types and age were the 

dominant drivers of AC saturation. Also, apartments and lower incomes homes were found to have 

less-efficient cooling alternatives [8].     

 

Figure 1: Air conditioned homes in the U.S. from 1980 to 2009 
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The significance of residential HVAC system demand response during peak load times and 

the effect of HVAC sizing were highlighted by Reddy and Claridge [9]. HVAC peak load depends 

on two factors: HVAC size and the way in which the consumer operates it. Consumers who 

frequently change the thermostat setting, especially before the peak load period, more frequently 

experience high demand than those who maintain a constant thermostat setting. This paper also 

points out the common practice of oversizing residential HVAC units. This results from using 

“rule of thumb” calculations instead of standard engineering techniques as well as contractors 

oversizing a system in order to reduce callbacks as a result of overheating. It was found that five 

out of eight residences had oversized HVAC systems.  

The American Society of Heating, Refrigeration, and Air Conditioning Engineers 

(ASHRAE) Standard 55-2010 defines thermal comfort as the “condition of mind that expresses 

satisfaction with the thermal environment” [10]. The environment condition required for comfort 

is different for everyone. There is a large variation, both physiologically and psychologically, from 

person to person. Thus, the acceptable thermal comfort temperature is very wide, 67°F–83°F 

(19°C–28°C).  Six primary factors that define thermal comfort are addressed in detail in section 

5.4 of the standard and are listed below [10]:  

• Metabolic rate 

• Clothing insulation 

• Air temperature 

• Radiant temperature 

• Air speed 

• Humidity 
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In one study [11], 24 houses were modeled on a hot summer day with a demand response 

program. Houses were simulated with different AC sizes, various thermal integrities, and 5-, 10-, 

and 20-minute AC shutoff scheduled cycles during peak demand. Since the indoor temperature 

increased with increasing length of shutoff time, the 5-minute cycle provided better thermal 

comfort. Also, houses with higher thermal integrity had better comfort results. Oversized AC 

showed comparatively higher demand reduction at the peak. 

Residential insulation is also an important indicator of the effectiveness of demand 

response. In 2009, the Building Energy Codes Program (BECP) [12] conducted a nationwide 

residential energy code analysis for the U.S. DOE. This analysis compares the residential code 

(typical construction practice in the absence of code) with the International Energy Conservation 

Code (IECC) [12]. Residential building requirements are based on four energy end users: space 

heating, space cooling, water heating, and lighting. The majority of requirements in the IECC are 

based on section 402 for the building envelope (ceilings, walls, windows, floors, and foundation).  

Figure 2 shows the prescriptive envelope requirements for North America based on climate 

regions. This dissertation focuses on Kansas, which  lies in climate zones 4 and 5 [12]. 

The detailed Kansas climate zone envelope requirement map is shown in Figure 3. Kansas 

does not have a mandatory energy efficiency code.  The main differences between the current 

practice in Kansas and that of the 2009 IECC is shown in Table 1; however, Lucas and Cole [12] 

point out the limitation on the availability of detailed data on current construction techniques 

related to energy efficiency. The IECC would significantly improve the efficiency of Kansas 

residences, with an estimated energy savings of $355 to $582 a year for an average new residence 

at 2009 fuel prices. 
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Figure 2: Prescriptive envelope requirements 
 

 
 

Figure 3: Building envelope requirement map. 
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TABLE 1 
 

COMPARISON OF ENVELOPE REQUIREMENTSTABLE 
 

Components 
Climate Zone 4 Climate Zone 5 

Current 
Practice 

2009 
IECC 

Current 
Practice 

2009 
IECC 

Ceiling  30 38 30 38 

Fenestration U-Factor 0.5 0.35 0.5 0.35 

Wood Frame Wall 13 13 13 19 

Floor 19 19 19 30 
 

The extent of demand response potential depends on a customer’s perspective of its 

effectiveness. The willingness of customers to shift their consumption patterns relies on trust in 

the ESPs, incentives, and transaction costs [13].  

DR can be divided into two main categories: incentive-based and price-based. 

Incentive-Based Demand Response 

In this type of DR program, ESPs or the DR service provider (aggregator) sends demand 

reduction signals to customers participating in the demand response program in the form of a 

voluntary demand reduction request or mandatory commands.  Various types of incentive-based 

DR programs include the following [14][15][16] [17] [18][19]: 

• Direct Load Control: ESPs or the aggregator remotely cycles customer electrical appliances 

on short notice to resolve power system needs in exchange for an incentive.  

• Interruptible/Curtailable Service: Customers receive an incentive in exchange for agreeing 

to reduce its load during system contingencies. They are held accountable if they fail to 

curtail the load and may even end up paying penalties. 
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• Emergency Demand Response Program: This is a voluntary curtailment program during 

emergency power system needs. Usually incentives are specified in advance, and 

customers can decline the incentive and not be curtailed during the DR event. 

• Capacity Market Program: Customers enrolled in this program are pre-specified for 

curtailment during system contingencies. They are subject to penalties if they fail to 

comply during DR events. Once they are pre-specified, their incentives are guaranteed, 

even if the load curtailment is not enforced.    

• Demand Bidding/Buyback: In this program, customers are asked how much load they are 

willing to curtail for a given price. If the customer price or bid is cheaper than the 

alternative supply, then the load curtailment is dispatched. Customers are required to 

reduce loads if they have bid to do so.  

• Ancillary Service Markets: In this program, customers are allowed to bid a load curtailment 

in the electricity markets for operating reserves operated by independent system operator 

(ISO). They are paid the market price if their bids are accepted by the ISO. They are 

required to curtail their load when needed by the ISO, and they may be paid the spot market 

energy price.  

• Coupon Incentive-Based Demand Response (CIDR):  Load serving entities (LSEs) offer 

residential customers coupon incentives to reduce power consumption during wholesale 

electricity price spikes. This is inspired by the overbooking strategy used by the airline 

industry. In this program customer participation is voluntary.  
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Price-Based Demand Response 

In this type of DR program, customers voluntarily respond to the changing price of 

electricity. This price can be set ahead of time on a daily, hourly, or real-time basis. In the end, 

customers pay the highest rates during peak hours and lowest rates during off-peak hours[15][20].  

• Time of Use: Customers are expected to respond to scheduled electricity prices. The prices 

are predetermined and are much higher during peak load times than during off-peak times 

so that customers are encouraged to modify their electrical usages habits according to price.  

There are no rewards or penalties associated with this program. 

• Real-Time Pricing: In this program, customers receive access to hourly electricity prices, 

which are based at the wholesale market price. Higher prices mostly occur during peak 

load periods. Customers can manage their load by looking at the price, i.e., conserve 

electricity during high prices and increase electricity use during lower prices. 

• Variable Peak Pricing: This hybrid program combines time of use and real-time pricing. 

The different periods for pricing are defined in advance, but prices are not predetermined. 

Prices vary by ESPs and market conditions.  

• Critical Peak Pricing: Here customers observe significantly higher electricity prices during 

critical peak pricing times. This occurs when the ESP observes or anticipates very high 

wholesale prices or a power system emergency condition.   

According to the FERC’s December 2016 “Assessment of Demand Response and Advance 

Metering” [21], advance metering penetration is incessantly increasing throughout the United 

States. About 58.5 million of advance meters were operational out of 144.3 million meters, 

representing 40.6 percent of meter penetration. Several tables summarizing the advance meter 

penetration and potential peak reduction by region and customer class follow. 
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Table 2 shows estimates of advance meter penetration rates in the United States, indicating 

that the trend across datasets is strong. According to 2014 EIA data, 58.5 million advance meters 

out 144.3 million meters nationwide are operational, indicating a 40.6% penetration rate. This 

shows a large increase from 2013 EIA data, which indicates that 51.9 million advance meters out 

of 138.1 are operational, thus demonstrating a promising development in advance meters. Table 3 

shows that in 2014, residential customers had a 40.9% advance meter penetration rate, which is 

slightly higher than 38.6% of commercial customers and 36.5% of industrial customers. Table 4 

shows the potential peak reduction from the retail DR program with each of the eight regional 

electricity councils including Alaska and Hawaii. The total peak demand reduction from retail DR 

programs increased by 15.12%, 4,097 MW, from 2013 to 2014.  

TABLE 2 
 

ESTIMATES OF ADVANCE METER PENETRATION RATES 
 

Data Source Data 
as of 

Number of 
Advance 
Meters 

(millions) 

Total 
Number of 

Meters 
(millions) 

Advance Meter 
Penetration Rates 
(advance meters as 
% of total meters) 

2008 FERC Survey Dec-07 6.7 144.4 4.7 
2010 FERC Survey Dec-09 12.8 147.8 8.7 
2012 FERC Survey Dec-17 38.1 166.5 22.9 
2011 Form EIA-861 (re-released) Dec-17 37.3 144.5 25.8 
Institute for Electric Efficiency May-12 35.7 144.5 24.7 
2012 Form EIA-861 Dec-17 43.2 145.3 29.7 
Institute for Electric Innovation Jul-13 45.8 145.3 31.5 
2013 Form EIA-861 (re-released) Dec-13 51.9 138.1 37.6 
Institute for Electric Innovation Jul-14 50.1 138.1 36.3 
2014 Form EIA-861 Dec-14 58.5 144.3 40.6 
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TABLE 3  
 
 ESTIMATED ADVANCE METER PENETRATION BY REGION AND CUSTOMER CLASS 

(2014) 
 

Region Customer Class Percentages 
Residential Commercial Industrial All Classes 

AK 9.6 3.6 0.0 8.8 
FRCC 56.3 61.7 74.5 56.9 
HI 6.0 7.0 19.9 6.1 
MRO 18.8 16.1 22.4 18.5 
NPCC 9.6 9.4 15.7 9.6 
RFC 31.7 23.4 16.6 30.8 
SERC 36.0 33.2 32.5 35.6 
SPP 40.4 39.5 33.6 40.2 
TRE 79.5 82.7 43.7 79.7 
WECC 60.6 59.0 54.0 60.4 
Unspecified 21.9 21.4 70.4 22.8 
All Regions 40.9 38.6 36.5 40.6 

 
TABLE 4 

 
 POTENTIAL PEAK REDUCTION (MW) FOR RETAIL DEMAND RESPONSE 

PROGRAMS BY REGION (2013 AND 2014)  
 

Region 

Annual Potential 
Peak Reduction 

(MW) 

Year-on-Year  
Change 

2013 2014 MW % 
AK 27 27 0 0.00 
FRCC 1,924 3,389 1,466 76.20 
HI 35 41 6 16.50 
MRO 4,264 4,366 102 2.40 
NPCC 467 654 188 40.20 
RFC 5,362 5,006 –355 –6.65 
SERC 8,254 8,343 89 1.10 
SPP 1,594 1,324 –270 –16.90 
TRE 459 613 154 33.50 
WECC 4,681 7,427 2,745 58.60 
Unspecified 28  –28 –100 
Total 27,095 31,190 4,097 15.12 
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Table 5 shows an individual customer class demand response, representing 16,505 MW or 

53% of the total retail peak reduction. Residential customers represent 8,118 MW or 26% of the 

total retail peak reduction. Commercial customers represent 6,215 MW or 29% of the total retail 

peak reduction. Table 6 shows the customer enrollment in incentive-based DR programs by region. 

Almost 9.3 million customers were enrolled in 2014. Incentive-based DR programs include direct 

load control (DLC), demand bidding/buyback, emergency demand response, capacity market, and 

ancillary service market programs.  

 
TABLE 5 

 
POTENTIAL PEAK REDUCTION (MW) FROM DEMAND RESPONSE PROGRAMS  

BY REGION AND CUSTOMER CLASS (2014) 
 

Region 
Customer Class 

Residential Commercial Industrial Transportation All Classes 
AK 5 13 9 0 27 
FRCC 1,651 1,318 421 0 3,389 
HI 15 26 0 0 41 
MRO 1,930 818 1,618 0 4,366 
NPCC 58 313 269 14 654 
RFC 1,298 678 3,030 0 5,006 
SERC 1,706 789 5,848 0 8,343 
SPP 129 223 973 0 1,324 
TRE 166 345 102 0 613 
WECC 1,160 1,692 4,236 339 7,427 
All Regions 8,118 6,215 16,505 353 31,191 

 
 

2.3 Research Objective 

The objective here is to use predictive analytics to estimate the level of residential 

participation in a DR program, and thus the load reduction capacity available, during peak load 

events. This research is divided into two different efforts: apply predictive analytics to houses and 
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residents being considered for a DR program, and develop a residential DR model for each cluster 

obtained from predictive analytics. 

TABLE 6 
 

CUSTOMER ENROLLMENT IN INCENTIVE-BASED DEMAND RESPONSE PROGRAMS 
BY REGION (2013 AND 2014) 

 

Region 

Annual Potential 
Peak Reduction 

(MW) 

Year-on-Year  
Change 

2013 2014 MW % 
AK 2,468 2,428 –40 –2 
FRCC 1,554,830 1,490,073 –64,757 –4 
HI 36,332 36,102 –230 –1 
MRO 1,248,723 1,227,445 –21,278 –2 
NPCC 62,631 51,227 –11,404 –18 
RFC 1,852,985 2,012,846 159,861 9 
SERC 1,084,449 1,303,339 218,890 20 
SPP 193,507 175,146 –18,361 –9 
TRE 138,613 302,913 164,300 119 
WECC 3,002,607 2,651,163 –351,444 –12 
Unspecified 10,205 12,947 2,742 27 
Total 9,187,350 9,265,629 78,279 1 

 

“Predictive analytics is the use of data, statistical algorithms and machine learning techniques to 

identify the likelihood of future outcomes based on historical data” [22]. Numerous predictive 

analytic techniques, including neural networks (NNs), clustering analysis, and support vector 

machines (SVMs), can be used. For this research, several techniques were evaluated, and 

clustering analysis was chosen as the most promising. Clustering, is a typical unsupervised 

technique that  helps to separate a large group into subgroups in order to maximize the similarity 

among objects within a cluster and also maximize the difference between clusters [23].  In this 

research, predictive analytics is based on the fundamental economic principle that people respond 
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to incentives [24] and that people in lower socio-economic conditions are more likely to benefit 

from incentives. The parameters used to form the clusters and reflect the proper socioeconomic 

behavior are unemployment, median house income, resident poverty level, and residence thermal 

integrity level. Grouping residents (customers) with similar socioeconomic conditions allows for 

better identification of the target customers for DR. For example, residences in areas of high 

unemployment, low median house income, high poverty level, and low thermal integrity level are 

grouped into one cluster (e.g. cluster 1). Residences with low unemployment, high median house 

income, low poverty level, and high thermal integrity level are grouped into another cluster (e.g. 

cluster 2). Therefore, based on the work of Gal [24], the target group should be cluster 1 because 

its socioeconomic condition is poor compared to cluster 2 and thus more likely to respond to 

incentives. 

Development of a residential DR model is based on the HVAC system cycling during peak 

demand events. Here, a DR model is implemented on each cluster to estimate the amount of 

demand reduction available from each cluster during a peak demand event. The model includes 

predicted consumer behavior, the physical design of the house, and the HVAC system.  

2.4 Problem Statement 

This section explains the data extraction from different sources and its significance in 

performing cluster analysis and demand analysis. It also explains the clustering and demand 

analysis technique used. 

2.4.1 Data Sources 

Data is a collection of historical facts that can be translated into a form that a computer can 

process [25].  It is very important to maintain accuracy and completeness while collecting data 

because the quality of data determines the research outcome. In this research, data was used to 
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divide the group of residences into several subgroups depending upon their socioeconomic 

situation. Therefore, in order to obtain better results, the collected data should reflect the 

socioeconomic conditions and behavior of each residence.  

2.4.1.1 Customer Economic Condition 
 

Data on customers’ economic condition data was extracted from the City-Data website: 

www.city-data.com [26]. This website provides detailed economic profiles for U.S. cities, dividing 

residents into different zones based on different categories such as median house income, race, 

marital status, median age, etc. In this research, zones based on median house income were used 

because this helps to group residents based on their economic structure. Figure 4 shows the location 

of zip code 67212 in Wichita, Kansas, which was chosen for its economic diversity. The entire 

area was divided into 31 different zones based on the median household incomes. Table 7 shows 

the detailed data for economic parameters and number of households of the 31 zones. 

 
Figure 4: Area under zip code 67212 

 
 

http://www.city-data.com/
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TABLE 7 
 

ECONOMIC CHARACTERISTICS OF ZONES IN ZIP CODE 67212 
 

Zone Household Median 
Household 
Income ($) 

Unemployment 
(%) 

Residents below 
Poverty Level 

(%) Family Non-Family 
1 618 134 76000 6.85 1.93 
2 718 245 72058 6.85 1.11 
3 392 96 82539 5.35 3.2 
4 390 164 64005 5.35 2.54 
5 612 254 70481 5.73 3.66 
6 715 226 56905 5.73 0.74 
7 263 446 41389 11.5 3.14 
8 522 325 76094 6.03 1.69 
9 368 124 74191 6.03 0.79 
10 445 168 72863 5.58 2.13 
11 167 128 53977 5.58 5.54 
12 468 147 67279 5.58 1.41 
13 479 212 58125 5.07 4.91 
14 263 172 60592 5.07 0.39 
15 418 640 34674 5.07 8.54 
16 378 259 57277 8.26 2.63 
17 316 142 43056 8.26 3.89 
18 186 78 51250 8.26 0.82 
19 145 40 37266 8.26 5.18 
20 364 74 75972 6.39 1.27 
21 574 111 74688 6.39 0.5 
22 332 198 63359 6.39 1.26 
23 132 118 48194 12.4 0.67 
24 186 369 43864 12.4 2.46 
25 182 175 48266 7.49 4.68 
26 149 144 48266 7.49 4.68 
27 355 508 35951 7.49 11 
28 131 219 25288 19.8 19.8 
29 119 150 17308 19.8 34 
30 385 295 32625 19.8 9.06 
31 334 233 46667 19.8 12.1 
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2.4.1.2 Customer Household Condition 

Customers’ household data were extracted from the Zillow website at www.zillow.com 

[27]. This website provides detailed household parameters such as age (which helps to determine 

its thermal integrity), square footage, type of HVAC unit, etc., as shown in Figure 5.  

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

Figure 5: Example of Zillow data extraction 

 

 

http://www.zillow.com/
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Due to the energy crisis in 1970, public awareness and sensibility towards energy 

conservation drastically increased [28].New energy programs were introduced to reduce the per-

square foot energy use. The major Energy Policy Act (EPACT) was introduced in 1992, which 

increased the conservation and energy-efficiency requirements for government, energy, and 

consumers. Looking at the age of the house and the Kansas residential insulation requirement, 

thermal integrity has been divided into three categories: below normal, normal, and above normal. 

Thermal integrity will be explained further in section 2.5.2.  

2.4.2 Problem Formulation 

The clustering analysis technique was used to group the 31 zones shown in Table 7 into 

different clusters depending upon their economic parameters. The newly formed clusters each have 

different levels of available demand reduction, which an ESP or aggregator will then use to better 

target customers for demand response participation. This will provide better predictions of demand 

reductions that can actually be obtained during a DR event. The residential module of the 

GridLAB-D simulation tool was used to model the demand of these clusters during normal periods 

and DR events. 

2.4.2.1 Clustering Analysis 

This research involved a two-step cluster analysis (TSCA), the only method that allows 

both qualitative and quantitative variables. The negative side of this analysis is that the number of 

clusters should be guessed based on statistical criteria. As the name suggests, this method has two 

steps, “pre-clustering” and “clustering.” 

• The aim of the first step, pre-clustering, is to compute a new data matrix with fewer cases 

for the second step (clustering). It uses a sequential clustering approach to pre-cluster the 

cases into many subclusters. Each case was examined to determine if the current case 
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should be combined with a previously formed cluster or if it should start a new cluster 

based on distance criterion.  

• The second step employs an agglomerative hierarchical clustering method to take the 

subclusters generated by the first step as input and group them into the desired number of 

clusters. The starting cluster is defined for each of the subclusters, and then all clusters are 

compared. The pair of clusters with a minimum distance between them are selected and 

combined into one cluster.  Then the set of clusters is again compared, and again the pair 

with a minimum distance is combined. This process continues until the desired number of 

clusters is obtained.   

Different distance measures are used, depending upon the type of variables: Euclidean 

distance is used if all the variables are quantitative, and the log-likelihood distance measure is used 

if one or more variables are qualitative. The log-likelihood distance will decrease when two 

clusters are combined into one, as shown in equations (1) to (4) [29]:  

 𝑑𝑑(𝑖𝑖, 𝑗𝑗) =  𝜉𝜉𝑖𝑖 +  𝜉𝜉𝑗𝑗 −  𝜉𝜉<𝑖𝑖,𝑗𝑗> (1) 

where i and j are clusters, and d(i,j) is the decrease in log-likelihood due to the combination of two 

clusters.  

 𝜉𝜉𝑣𝑣 =  −𝑁𝑁𝑣𝑣 �∑
1
2

log (𝜎𝜎𝑘𝑘2𝐾𝐾𝐴𝐴
𝑘𝑘=1 +  𝜎𝜎𝑣𝑣𝑘𝑘2 )  +  ∑ 𝐸𝐸𝑣𝑣𝑘𝑘𝐾𝐾𝐵𝐵

𝑘𝑘=1 � (2) 

 

 𝑣𝑣 = 𝑖𝑖, 𝑗𝑗, < 𝑖𝑖, 𝑗𝑗 >  (3) 

 

                             𝐸𝐸𝑣𝑣𝑘𝑘 =  −∑ 𝑁𝑁𝑣𝑣𝑣𝑣𝑣𝑣
𝑁𝑁𝑣𝑣

𝐿𝐿𝑣𝑣
𝑙𝑙=1 log 𝑁𝑁𝑣𝑣𝑣𝑣𝑣𝑣

𝑁𝑁𝑣𝑣
                   (4) 

where KA is the number of quantitative variables, KB is the number of qualitative variables, LK is 

the number of categories for the kth qualitative variable, Nv is the number of cases in cluster v, Nvkl 
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is the number of cases in cluster v that belongs to the lth category of the kth qualitative variable, σk
2 

is the estimated variance of the kth quantitative variable for all cases, σvk
2 is the estimated variance 

of the kth quantitative variable in the vth cluster, <i,j> is an index representing the cluster formed 

by combining i and j clusters, and ξv is a measure of variance within cluster v that consists of two 

chapters. The first chapter measures the dispersion of the quantitative variables within cluster v, 

and the second chapter measures dispersion of the qualitative variables. Clusters with a minimum 

distance d(i,j) are combined in each step. The log-likelihood function for each step with the 

k-cluster is computed as 𝑙𝑙𝑘𝑘 =  ∑ 𝜉𝜉𝑣𝑣𝑘𝑘
𝑣𝑣=1 .  

2.4.2.2 Demand Analysis 

Demand analysis was next performed on clusters obtained from 31 zones. Each cluster was 

simulated separately to calculate its actual peak demand and demand during a demand response 

event. During a DR event, a residential HVAC system shut-off cycle was scheduled to reduce the 

peak demand. The HVAC model used was based on a general second-order equivalent thermal 

parameter (ETP) building model. The ETP circuit captures the fundamental nature of the response 

of the residence, which is  important for analysis of a smart grid [30]. 

• Heat gains and losses. 

• Effect of thermal mass. 

• Temperature and solar radiation (functions of weather). 

• Occupant behavior (thermostat setting and internal heat gains for appliances). 

• Heating and cooling system efficiencies. 

The ETP circuit for the HVAC system is shown in Figure 6, as modeled in the work of Sun et al. 

[31].   

 𝑄𝑄𝑎𝑎 − 𝑈𝑈𝑎𝑎(𝑇𝑇𝑎𝑎 − 𝑇𝑇𝑜𝑜)− 𝐻𝐻𝑚𝑚(𝑇𝑇𝑎𝑎 − 𝑇𝑇𝑚𝑚) − 𝐶𝐶𝑎𝑎
𝑑𝑑𝑇𝑇𝑎𝑎
𝑑𝑑𝑑𝑑

= 0       (5) 
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 𝑄𝑄𝑚𝑚 − 𝐻𝐻𝑚𝑚(𝑇𝑇𝑚𝑚 − 𝑇𝑇𝑎𝑎) − 𝐶𝐶𝑚𝑚
𝑑𝑑𝑇𝑇𝑚𝑚
𝑑𝑑𝑑𝑑

      (6) 

where Qa is the heat gain to the air from the HVAC system at any given time, Qm is the amount of 

heat flowing in and out of the solid mass in any given time, Ta is the air temperature of the room, 

Tm is the temperature of the solid mass inside the residence, To is the outdoor temperature, Ua is 

the conductance of the thermal envelope of the residence through which heat flows from Ta to To, 

H m is the interior mass surface conductance, Cm is the residence solid mass, and Ca is the air mass, 

which is much smaller than Cm [32]. 
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2.5 Results 

Clustering and demand response analysis results are explained in this section. The 

Statistical Package for Social Science (SPSS) software package was used to perform the cluster 

analysis, and GridLAB-D, the simulation and analysis tool developed by Pacific Northwest 

National Laboratory (PNNL) was used to execute the demand analysis. 

2.5.1 Clustering of ZIP Code 67212 

The aforementioned two-step cluster analysis was used to analyze the clustering in zip code 

67212.  Five input variables were used: three as continuous variables (unemployment, median 

house income, and resident poverty level) and two as categorical variables (thermal integrity level 

and average occupancy). Continuous variables contribute mainly to the formation of clusters. 

Figure 7 shows the cluster model using the five input variables. It also shows the silhouette 

measure of cluster cohesion and separation, which is divided into poor, fair, or good results.  “The 

silhouette measure averages, over all records, (B-A)/max(A-B), where A is the record’s distance 

to its cluster center and B is the record’s distance to the nearest cluster center that it belongs to. A 

silhouette coefficient of 1 would mean that all cases are located directly on their cluster centers. A 

value of –1 would mean all cases are located on the cluster centers of some other cluster. A value 

of 0 means, on average, that cases are equidistant between their own cluster center and the nearest 

other cluster” [33]. This chart allows for a quick check on the quality of modeling; poor quality 

indicates a need to adjust the cluster modeling settings for better output. 

 
 

Figure 7: Cluster quality chart 
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Figure 8 shows the cluster size. Four different zones were created, with data of similar 

behavior clustered together. A rule of thumb is to keep the ratio of the largest to the smallest cluster 

size under 3. The ratio of largest to smallest cluster is 2.75, which again indicate that an adequate 

number of zones was created.  

 

Size of Smallest Cluster 4 (13%) 

Size of Largest Cluster 11 (35%) 

Ratio of Largest to Smallest Cluster 2.75 
 

Figure 8: Cluster size 

Variable predictor importance shows the relative importance of each parameter in 

estimating the model. This provides a clear view of how different variables differentiate various 

clusters. A higher importance measure indicates higher impact of the variable on the cluster model. 

Figure 9 shows that the unemployment percentage has the highest impact, and average occupancy 

has least impact.  

 

Figure 9: Variable predictor importance measure 
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A cluster comparison helps to determine factors that make up the cluster, as well as 

ascertain the difference between each cluster and the overall data. Figure 10 shows box plots with 

medians and inter-quartile ranges of each cluster and overall data. 

 

 

 

Figure 10: Cluster comparison 
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As can be seen, cluster 4 indicates the highest unemployment, lowest median household income, 

and highest residential poverty level, whereas cluster 1 indicates the lower unemployment, highest 

median household income, and lowest residential poverty level. This shows the contrast in 

economic difference between these two clusters. Cluster 2 has unemployment percentage below 

the median, a household income below the median, and a resident poverty level close to the 

median. Cluster 3 has an unemployment percentage higher than the median, a household income 

less than the median, and a resident poverty level close to the median. Based on these clusters, an 

aggregator can localize its target group instead of focusing on the entire population. For example, 

poor communities are more likely to respond to incentives, so the aggregator can focus on cluster 

4 instead of economically better communities such as cluster 1. This can increase efficiency and 

productivity of the model. But the caveat here is whether demand reduction from cluster 4 alone 

will be sufficient. Demand reduction available from each cluster is shown in section 2.5.2.   

 

Figure 11: Cluster division map 
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 Figure 11 shows the cluster division map, it identifies that customers are geographically 

divided based on their socio economic condition. Yellow color signifies cluster 1, blue color is 

cluster 2, green is cluster 3 and red is cluster 4.   

2.5.2 Demand Response Program 

Four clusters obtained from clustering analysis were modeled separately to determine the 

effect of demand response.  Table 8 shows the zones and their respective clusters. DLC has been 

implemented on the clusters with a five-minute HVAC shutoff cycle, which is spread evenly from 

1:40 pm to 3:40 pm. The hottest day from typical meteorological year (TMY) data for Wichita, 

July 15, 2009, with a maximum temperature of 105˚F, was considered. 

TABLE 8   

ZONE NUMBER AND RESPECTIVE CLUSTER 

Cluster Zone Thermal Integrity Average Occupancy 
1 1, 2, 3, 5, 9, 10, 20, 21 Normal 2.86 
2 4, 6, 11, 12, 15, 18, 22, 27 Normal 2.28 

3 7, 8, 13, 14, 16, 17, 19, 23, 24, 25, 26 Below and above 
Normal 2.4 

4 28, 29, 30, 31 Below Normal 1.5 

Figure 12 shows the number of single family residences in each cluster. Clusters 1, 2, 3, 

and 4 have 4091, 3031, 3015, and 969 single-family residences, respectively. The number of 

residences definitely impacts the demand profile. 

Demand reduction typically depends on thermal integrity, size of the HVAC system, and 

area of the residence. Based on the age of the residence and the Kansas residence insulation 

requirement, most residences were simulated as normal or below-normal integrity; only a few 

residences qualify for above-normal integrity. The residential thermal integrity R-values used are 

shown in Table 9. 
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Figure 12: Number of residences per cluster 

 
 

TABLE 9 

RESIDENCE THERMAL INTEGRITY 

  Below Normal Normal Above Normal 
R-value, walls  (°F-ft²-hr/Btu) 19 30 30 
R-value, ceilings 11 11 19 
R-value, floors 11 19 11 
R-value, doors 3 3 3 
R-value, windows 1.23 1.7 1.7 
Air exchanges per hour 1 1 1 

 

As mentioned in the literature review, 62.5% (5 out of 8) of residences have been modeled 

with oversized HVAC systems, and 37.5% of residences with proper-sized HVAC systems. Figure 

13 shows the demand profile before and after implementing the demand response. As can be seen, 

after DR, the load has shifted from the peak demand period to the off-peak demand period. 

Reducing demand at the peak and shifting it allows more electricity to be provided by less-

expensive generation.  It is evident from Figure 14 that cluster 1 has the highest demand, cluster 4 

has the lowest demand, and clusters 2 and 3 have moderate demands. As shown in Figure 14, the 
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demand reduction of clusters 1, 2, 3, and 4 are 2.7 MW, 1.9 MW, 2.2 MW, and 0.71 MW, 

respectively. As discussed in the previous section, if poor communities are more likely to respond 

to incentives, then the aggregator only has a 0.71 MW reduction from cluster 4, which may not be 

enough to reduce the overall peak demand, and other cluster(s) may need to be included. 

  

Cluster 1      Cluster 2 

  

Cluster 3      Cluster 4 

Figure 13 : Demand profile of actual response and after demand response 
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Figure 14: Maximum demand reduction 

2.6 Discussion 

The active participation of residential customers in the energy market will be a vital 

element of smart grid of the future. So, in order to enable and exploit the flexibilities of DR 

achieved via active residential participation, the distribution network management has to be 

enhanced. The technical feasibility is necessary to reassure the system operators (SO) to insure 

smooth network operation. These factors gives birth to an intermediary entity between customers 

and SO called aggregator. Aggregator is the third party which communicates between SO and 

customers in order to enhance the DR program. The relationship between aggregator and SO is 

based on the aggregator participation in the energy market and providing the service (demand 

reduction) requested by SO is based on the bilateral agreement [47]. The relationship between 

aggregator and customers is based on customer’s willingness to modify their consumption profile.  

This research mainly focuses on the customer aspect of the aggregator. There are four major 

actions the aggregator should take on; 

• Identifying and selecting potential groups of customers willing to participate in DR 

program and calculating their potential demand reduction capacity. 

• Identifying and selecting the social distribution of potential customers 
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• Reviewing agreements with customers periodically 

• Making sure customer signs contractual agreement.  

This research considers customers from zip code 67212. The aggregator divides customers 

into different clusters based on their socio economic behavior (unemployment, median house 

income, resident poverty level, thermal integrity level and average occupancy). This helps 

aggregator to identify the potential customers based on their economic background. Since the 

customers with low economic background are more likely to take incentives (willing to 

participate), this gives aggregator flexibility of identifying potential customers. However, 

aggregator may not meet the demand reduction capacity only by clusters with lower economic 

background; in that case aggregator has flexibility to decide the incentive amount based on the 

willingness to participate. For example aggregator may have to set higher incentive amount to the 

clusters with higher economic background (cluster 3) than customers with lower economic back 

ground (cluster 4). 

Aggregator models demand reduction program based on the customers HVAC size, 

residence thermal integrity level and area of the residence. It implements the direct load control of 

the thermostat, which is during the DR event aggregator changes the thermostat set point to achieve 

the required demand reduction. DR model was run for one of the hottest day of the 2009 to 

calculate the peak load and demand reduction profile of each cluster. This gives aggregator 

potential demand reduction profile of each cluster for that day and helps to estimate the 

modification in energy consumption due to DLC.  

These information’s are essential for aggregator to define its business model. Most 

importantly this helps to prepare or design contractual agreement with customers. Periodic review 

of agreements is must for healthy business model. It helps to resolve any conflict and concerns 
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about service, helps to discuss any upcoming changes to improve service effectiveness etc.  In 

short it helps to pave the way for problem prevention and service planning [34]. Aggregator must 

sign the contractual agreement with customers so that they cannot back out during DR event. Detail 

aggregator role is explained in Chapter 3.  

Chapter 3 also presents optimization with objective of maximizing the aggregator profit; 

the mathematical model and the constraints are based on the demand reduction capacity, clusters 

participation factor and aggregator’s incentive. The cluster participation factor and aggregator 

incentive is entirely depends on the socioeconomic behavior of the clusters.  

2.7 Conclusion 

Demand response assists the power systems operations and planning by modifying the 

customer’s electricity usage pattern. DR is defined as a change in normal electrical usage patterns 

in response to changes in the electricity price over time, or to incentive payments designed to lower 

the electricity consumption. In this research incentive based DR was implemented where, HVAC 

systems were directly controlled during the DR event.  

The objective of the research was to estimate the level of customer’s participation using 

predictive analytics technique and to determine the load reduction capacity of the customers. 

Predictive analytics was based on the fundamental economic principle that people respond to 

incentives, and that people in lower socio-economic conditions are more likely to benefit from 

incentives. Among several predictive analytics technique cluster analysis was used, which helped 

to separate a large group of customers  into sub groups based on their socio-economic behavior 

which are unemployment, median house income, resident poverty level and residence thermal 

integrity level. . A DR model was implemented on each cluster to estimate the amount of demand 
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reduction available from each cluster during a DR event. The models include predicted consumer 

behavior, the physical design of houses and HVAC systems. 

One of the most difficult parts of this research was to collect the customer’s data. Thanks 

to city-data.com, whose massive database resources helped to extract customer’s economic 

situation. This website provides the detailed economic profiles for U.S. cities. City-data divides 

residents into different zones based on different categories like median house income, race, 

unemployment, poverty level, marital status, median age, etc. In this research zip code 67212 has 

been divided into 31 different zones, which are based on customer’s parameters like median house 

income, unemployment and poverty level. Customer’s household data were extracted from 

www.zillow.com. This website provided detailed household parameters like age, square footage, 

type of HVAC unit, etc. House age helped to determine its thermal integrity. Looking at the house 

age and Kansas residential insulation requirement, thermal integrity has been divided into mainly 

two categories, below normal and normal. Based on these extracted data, 31 zones were further 

divided into four different clusters using two step cluster analysis. Among all the parameters 

unemployment had most predictor importance measure. Cluster 1, cluster 2, cluster 3 and cluster 

4 respectively had 4091, 3031, 3015 and 969 customers.  To execute the demand analysis these 

four clusters were modeled in GridLAB-D separately to determine the effect of demands response.  

During DLC, 5 minute HVAC shutoff cycle was spread evenly through 1:40 PM - 3:40 PM. 

Maximum demand reduction of cluster 1 to 4 were respectively 2.7 MW, 1.9 MW, 2.2 MW and 

0.71 MW. Number of customers and residence size definitely had impact on the demand reduction.   

DR program is a risky business; it is very difficult to calculate potential flexibility of the 

customers.  The results obtained helps to mitigate risks by identifying potential customers based 

on their socioeconomic background and their demand reduction capacity. This has immense 

http://www.zillow.com/
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impact on the DR program because it enables the aggregator to estimate the demand reduction 

capacity and the costs associated in terms of incentive to customers to adjust their demand profile. 

The impact DR program has been implemented in chapter 3, which uses these demand reduction 

capacity and customer incentives to optimize the DR model.  

   



 

36 

CHAPTER 3 

VIRTUAL STORAGE MODEL 
 
 

This chapter describes the second area of this research, which is to evaluate demand 

reduction capacity at various thermostat settings, develop a mathematical model of demand 

reduction capacity as virtual storage, and optimize the developed VS model. 

3.1 Background 

It is very essential to understand energy storage in order to determine the significance of 

virtual storage. Therefore, this chapter primarily explains energy storage, the process of capturing 

energy generated at one time in order to use it at another time. This principle works by moving 

energy through time. There are various forms of energy storage, electricity storage being one of 

them. Other forms of energy storage are natural gas in underground storage reservoirs, pipelines, 

thermal energy in ice, etc. [35] 

3.1.1 Energy Storage Systems   

According to the U.S. DOE, “Energy storage can be instrumental for emergency 

preparedness because of its ability to provide backup power as well as grid stabilization services” 

[36]. Based on the application, ESSs can be divided into three categories: power quality, bridging 

power, and energy management [37].  

• The power quality application refers to providing power for very short intervals of a few 

seconds or less, such as monitoring and regulating voltage fluctuations, frequency 

disruptions, and harmonic distortion.  

• The bridging power application refers to the short-term power supply for critical demands, 

such as switching power from one source to another, which is usually employed to cover 

time periods while emergency generators power up.  
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• The energy management application is designed to provide power for a long interval, from 

hours to days, primarily to shift energy usage from one time period to another.  

Super conducting magnetic energy storage (SMES), flywheels, super capacitors, and some 

batteries are used for power quality and bridging applications. High storage capacities, such as 

pumped hydro storage (PHS), compressed air storage systems (CAESs), hydrogen, and some 

batteries are used for energy management applications [38].  A detailed classification of energy 

storage systems shown in Table 10 indicates that the investment cost of ESSs is still expensive. 

TABLE 10  

CLASSIFICATION OF DIFFERENT ENERGY STORAGE SYSTEMS [37] 

Storage Type Power Duration  
of Discharge 

Total Capital Cost 
(USD/kW) 

CAES 15–400 MW 2–24 hrs 600–750 

Pumped Hydro 250 MW, >1 GW 12 hrs 2700–3300 
Upgrade: 300* 

Lithium Ion 5 MW 15 mins–hrs 4000–5000 
Lead Acid 3–20 MW 10 sec–hrs 1740–2580 
NaS 35 MW 8 hrs 1850–2150** 
VRB Flow Cell 4 MW 4–8 hrs 7000–8200 
ZnBr Flow Cell 40–100 kW, 2 MW 2–4 hrs 5100–5600 
High-Power Flywheel 750–1650 kW 15 sec–15 min 3695–4313 

Zebra Fe/Cr Flow < 10 MW 
 up to 8 hrs 1500–2000** 

Battery  < 10 MW 2–4 hrs 200–2500** 
Zinc/Air 20 kW–10 MW 3–4 hrs 3000–5000** 
SMES 1–3 MW 1–3 sec 380–490 

SMES*** 100–200 MW 
100 sec (MWh) 

0.5–1 hr (100 MWh) 
5–10 hrs (GWh) 

700–2000 

Ultra-Capacitors 10 MW up to 30 sec 1500–2500 
* Based on interview of manufacturers 
**Projected 
*** Estimated by research association of SMEs (Japan) 
3.1.2 Energy Storage Systems in the United States 

The U.S. will require approximately 4–5 terawatt hours of electricity annually by the year 

2050 [32]. Utilities face enormous challenges to expanding the grid in order to meet the increasing 
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demand in balancing economic and commercial viability, resiliency, cyber-security, carbon 

emissions, and environmental sustainability. ESS will play an important role in reducing the 

challenges by improving grid operating capabilities and mitigating infrastructure investments. The 

U.S. DOE estimates that 70% of the current transmission lines are 25 years old, 70% of power 

transformers are 25 years old or older, and 30% of circuit breakers are more than 30 years old [38]. 

Installing ESSs on the load side of transmission constraint points makes the grid more secure, 

reliable, and responsive. Moreover, distributed energy resources can reduce line congestion, 

reliability, and line loss by reducing the overloading of transmission and distribution lines, in turn 

extending the life of the existing infrastructure [39]. 

As of 2013, 202 energy storage systems with a 24.6 GW capacity have been deployed in 

the U.S. Figure 15 shows the different types of storage systems and their individual capacities. 

Energy storage in U.S. is totally dominated by pumped hydro storage, with 95% of the total storage 

capacity, due to its larger unit size and the preference by ESPs. The remaining 5% are thermal 

storage, batteries, compressed air energy storage (CAES), and flywheel. [40] 

 

Figure 15:  U.S. grid energy storage types and capacities (including announced projects) 
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3.1.3 Applications of ESS 

Power rating and discharge time indicate determine the application of the energy storage 

system. The application of the energy storage can be seen in generation, transmission, distribution, 

and end-user.  Table 11 shows the services and application of storage in five different groups.  

TABLE 11 

ENERGY STORAGE SYSTEM SERVICES [35] 

Bulk Energy Services Electric Energy Time-Shift (Arbitrage) 
Electric Supply Capacity 

Ancillary Services Regulation 
Spinning, Non-Spinning, Supplemental Reserves 
Voltage Support 
Black Start 
Other Related Uses 

Transmission Infrastructure Services Transmission Upgrade Deferral 
Transmission Congestion Relief 

Distribution Infrastructure Services Distribution Upgrade Deferral 
Voltage Support 

Customer Energy Management Services Power Quality 
Power Reliability 
Retail Electric Energy Time-Shift 
Demand Charge Management 

 
Energy storage system services are briefly explained below: 

• Arbitrage refers to charging storage (buying electricity) when the price is low and 

discharging storage (selling electricity) when the price is high.  

• Regulation is used to maintain the balance between generation and load fluctuations. The 

main purpose of regulation in a power system is to maintain the grid frequency at 60 Hz.  

• The grid requires a spinning or non-spinning reserve for efficient operation, so that it can 

be used during interruption of the normal electricity supply. Depending on the service 

requirement, the response time varies from 10 seconds to 10 minutes. Supplemental 

reserves provide a backup for spinning and non-spinning reserves. 
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• Voltage support refers to maintaining a specific voltage under both steady-state and a post-

contingency condition, and producing or absorbing reactive power.  

• Black start is the ability to deliver power without the assistance of a power system.  

• Upgrade deferral means using the ESS to delay or defer the transmission and distribution 

necessary investments on aging or over stressed equipment’s to maintain adequate 

electrical supply. 

• Due to the increase interest in smart grid and customer side technologies, customer energy 

management is playing a vital role in grid services. Grid power quality and reliability can 

be improved using proper management technique. For example customer PV-storage can 

act as a short term back up generation.  

Although the applications are very promising, a few things should be considered before 

their deployment. The ESS should be cost competitive compared to other available non-storage 

options. The total investment of energy storage mainly includes subsystem components, 

installation, and integration cost. Also, there is still significant ambiguity about the practical 

performance of storage technologies and how new storage technologies can be adopted into the 

system, which may be due to the limited experience of system operators (SOs) handling the 

deployment of storage resources [36] [41]. Moreover, current ESP planning, transmission, and 

distribution designs lack the ability to analyze the ESS as a viable option on a consistent basis. 

Therefore, the development of algorithms to deploy ESS technologies effectively and profitably 

could encourage the use of storage technologies.  

3.1.4 Virtual Storage 

As mentioned previously, peak loads are mainly concentrated during summer afternoons; 

therefore, a very large capital investment in the expansion of a power system infrastructure 
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(generation, transmission and distribution) for only a few hours may not be economically feasible.  

This is encouraging public and private sector investment in ESSs. However, these hard storage 

technologies, as listed previously, are still expensive, need a large initial capital investment, and 

are sometimes geographically limited. Such barriers provide the opportunity to lower the risk and 

lower the cost technology called “virtual storage” [42]. VS means that the storage is not an actual 

physical storage system. It depends on the response of customers to DR programs, and its 

characteristics are comparable to the charging and discharging of hard storage systems [43]. For 

example, the amount of demand that is reduced as the result of DR during a peak demand event is 

analogous to the amount of energy discharged by storage to reduce the peak demand, and the 

amount of load shift due to the DR event is analogous to the amount of energy charged by the 

storage system during the off-peak period.  

  

Figure 16: Economic and ecological classification [44] 
 

Figure 16 shows the economic and ecological classification of various energy sources. 

Energy efficiency and demand-side management have the lowest investment cost and low life-

cycle emissions. Since virtual storage falls under these energy sources, it helps to substantiate the 

claim. The next section will explain VS in detail.  
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3.2 Literature Review 

This section explains the role of aggregator in today’s power system and research that 

highlights the concept of virtual storage.  

3.2.1 Role of Aggregator  

The current advancement in information and communication technologies such as advance 

meters opens new opportunities for demand-side initiatives in the electricity market. Demand 

response is widely popular in the industrial sector, but there is still a significant untapped pool of 

DR capacity in the commercial and residential sectors. These new technologies will help to include 

untapped pool in the DR activities [45]. 

An aggregator is a firm that assists electricity customers with participating in DR activities. 

It sends demand-reduction signals to customers participating in a DR program in the form of a 

voluntary demand reduction request or a mandatory command. However there is no specific 

guideline for reaction time for the DR signal, although it is usually assumed to be short (less than 

a day’s notice). An aggregator can be an independent organization or an existing market 

participants like an ESP. The main purpose is to bring customers to the electricity market in an 

efficient way. Customers of an aggregator are distributed energy resources. It is essential to 

understand DERs to recognize the role of an aggregator.  

3.2.1.1 Distributed Energy Resources  

DER is defined as behind-the-meter power generation and storage resources [46]. It 

consists of consumer appliances, small generation devices, and storage systems that are located at 

the consumer end [47]. Depending on the operating procedures, DERs can be classified into 

different categories, as follows: 



 

43 

• Non-controllable loads: Non-controllable loads (appliances) are consumer loads that have 

little or no significant impact in their energy consumption, such as computers, television 

sets, mixers, microwaves, shavers, etc. The majority of these devices lack the 

communication interface abilities to be remotely controlled.  

• Controllable loads: Controllable loads are appliances that have communication interface 

abilities and can be remotely controlled. Depending on the nature of the appliances, 

controllable loads can be divided into three types: 

o Shiftable loads: These loads can be operated at any time of the day depending on the 

requirement. Examples of shiftable loads are washing machines, dryers, and 

dishwashers, which can be controlled remotely and operated at a specified time. 

o Thermal loads: These loads are operated depending on the heating and cooling 

requirements of the consumer. Examples of thermal loads are air conditioning and 

space heating, whereby heating and cooling setpoints can be varied by controlling a 

thermostat. Therefore, by adjusting the thermostat setpoint, the thermal load can be 

decreased or increased.  

o Curtailable loads: These loads can be switched off depending on the requirement. 

Examples of curtailable loads are water heaters, refrigerators, etc.  

• Dispatchable and non-dispatchable generation sources: The power generated from 

dispatchable generation sources can be controlled, while the power from non-dispatchable 

generation sources cannot be controlled. Examples of non-dispatchable sources are 

photovoltaics (PVs) and wind that is directly connected to the grid. Examples of dispatchable 

generation sources are PV and wind with storage capabilities.  
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• Storage systems: Storages systems generally have bidirectional power flow with the grid. The 

charging-discharging power and the duration can be controlled depending on the requirement. 

Example of storages systems are batteries, pumped hydro storage, thermal storage, etc.   

3.2.1.2 Basic Aggregator Requirement 

The aggregator must have complete knowledge of customers’ different electrical 

appliances and their demand-reduction potential. Below is a list of basic aggregator requirements: 

• Detailed customer information about appliances, usage patterns, and flexibility in order to 

determine which appliances produce a profitable demand response.   

• Installed control and communication devices at the customer end. Smart meters for proper 

control and a communication link provide top-notch communication with customers and 

clients (DR buyers) and the ability to have excellent control over appliances. Also needs to 

study level of inconvenience caused due to control actions. 

• Ability to provide financial incentives to customers.  There must be an adequate business 

model to compensate the customers as well as be profitable. Compensation can in the form 

of percentage of profit or rewards, depending on customer performance. 

• Ability to promote the DR service to customers. Customers should be actively educated 

about DR and its benefits. Offers must be public and easily understandable.  

3.2.1.3 Aggregator and Customer Relationship 

Contrary to other businesses where suppliers compete against each other and engage in 

substantial marketing efforts to attract buyers, the aggregator does not need a marketing effort to 

sell it to buyers, such as the transmission system operator (TSO), distribution system operator 

(DSO), and deregulated market participants, as long as it meets buyer requirements, because 

electricity is a commodity. The aggregator relationship with the customer (end user) is more vital 
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than to the buyer. However the approach should be very calculated and delicate because DR 

programs provide relatively small benefits compared to electricity bills, and the customer must 

surrender the control and comfort of its appliances. Figure 17 shows the possible transactions 

between the aggregator and customer.  For example, a call payment is given to the customer who 

reduces their load according to the aggregator’s request. An availability payment is given to the 

customer, who makes contract with the aggregator to enable load control during DR events. 

Equipment rent is a payment to the aggregator for control and communication equipment.  

 

 

Figure 17: Possible transactions between aggregator and customer [45] 

Table 12 lists various types of signals between the aggregator and the customer. Signals 

are sent depending upon the need. If an aggregator wants to directly control the thermostat setpoint, 

then it sends a temperature control signal. A simple tariff signal refers to the real-time pricing, for 

example where the aggregator sends a day-ahead signal to the customer. The customer’s 

automation system receives the signal and schedules the various controllable loads to minimize 

costs and sends back a load forecast. Banded tariffs are those with different prices for different 

power zones; there may be a lower price for a base load and a higher price for a power-exceeding 
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base load. Flexibility bid price signals give the customer aggregator payment information for load 

reduction. 

TABLE 12 

SIGNALS BETWEEN AGGREGATOR AND CUSTOMERS [46] 

Message Explanation Direction 
Simple tariff signal 

 
How much the aggregator charges for each kW 
during a time period, e.g., one hour or a half hour; 
normally given for a number of periods. 

Aggregator 
→consumer 

Banded tariff signal How much the aggregator charges for each kW 
within a certain consumption power band during a 
time period, e.g., one hour or a half hour; normally 
given for a number of periods. 

Aggregator 
→consumer 

Flexibility price (bid) 
signal 

 

How much the aggregator pays for each kW 
reduced below certain reference level during a 
time period, e.g., one hour or a half hour; may be 
given for a number of periods. 

Aggregator 
→consumer 

Power control signal Aggregator directly controls power drawn by an 
appliance. 

Aggregator 
→consumer 

Temperature control 
signal 

 
Consumption forecast 

Aggregator directly controls temperature setting 
point of an appliance. 
 
Forecast of individual consumer’s total 
consumption for certain time ahead 

Aggregator 
→consumer 

 
Consumer 

→Aggregator 
Flexibility price (asking) 

signal 
 

Consumption 
measurements 

 

Alternatively customer can inform aggregator how 
much s/he wants for kW of flexibility, e.g., when 
s/he does not wish to be disturbed. 
Measurements of total consumption can have high 
resolution time. 

Consumer 
→Aggregator 

 
Consumer 

→Aggregator 
 

 
3.2.1.4 Relationship with Buyers 

The aggregator can have a relationship with the TSO, DSO, balancing responsible party 

(BRP), wholesale market, and suppliers, depending on the business model. At a minimum the 

aggregator has contact with the BRP or TSO if the aggregator itself is a BRP.  The TSO can also 

operate as a buyer and send bid signals to the aggregator for demand services. The DSO provides 

the electrical connection to the customers and can also send bid signals to the aggregator to fulfill 
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the demand requirement. The aggregator can also participate in the electricity wholesale market 

place as well as have bilateral sales and purchase contracts with generators and suppliers. Figure 

18 shows the aggregator links to the stakeholders; solid lines show electrical connections, and 

dashed and zigzag lines show communication and economic links, respectively.  

TSO

Wholesale 
marketplace

Balancing 
responsible 

party 

generator

aggregator

DSO

supplier

customer

 

Figure 18: Aggregator links to other stakeholders [45] 

3.2.2 Research Involving Virtual Storage Concept 

In 2012, Kats and Seal introduced the idea of considering “buildings as batteries,” that is, 

to make buildings smart enough to reshape the increasing variable demand [42]. Buildings 

represent almost 75% of the total electricity consumption. They are the dominant source of 

unbalanced load demand and its demand peaks during hot summer afternoons due to the increase 

in air conditioner use. The authors claim that virtual storage is the largest opportunity to 

economically reshape loads and save tens of billions of dollars in inefficient generation and 

transmission and distribution infrastructure costs. The technology presented here is an 

electrochromic glass that allows residents to control the amount of light and heat emitted through 
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the glazing. The small current flowing through the electrochromic layer on the glass helps change 

the window from clear to tinted and back again. In a clear window state, 63% of light passes 

through, which is ideal for an overcast winter day when solar heat gains help warm the building 

and natural light reduces the need for artificial light. In the tinted window state, 2% of light and 

solar heat gains comes from the window, thus keeping out all unwanted heat during summer 

afternoons but still providing sufficient natural light. Electrochromic widows are shown in Figure 

19. The authors suggest that this technology can provide a reduction of 15–20% in total peak load 

demand of commercial buildings during hot summer afternoons. 

 

 

Figure 19: Electrochromic windows 

The authors also highlight the fall 2011 test run by the Colorado-based company Tendril, 

as shown in Figure 20. Here 60 buildings responded to utility incentives to reduce peak demand 

by 2.5 KW on average during a three-hour peak demand period from 3 to 6 pm. Although the 

authors highlight the importance of and need for virtual storage, it lacks proper mathematical 

models and simulations to justify the idea. 
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Figure 20: 2011 test run by Colorado-based company Tendril [42] 

 
Ruiz et al [43] modeled direct load control as “virtual power plant” (VPP) management. 

Although they did not clearly specify virtual storage, their work helps to understand the modeling 

aspect of a virtual system.  The algorithm they developed was formulated using linear 

programming. It is based on the optimization of the load reduction over a specified amount of time 

by an aggregator applying optimal control schedules to the controllable devices. The objective of 

the optimization is to maximize the load reduction by applying control strategies to controllable 

devices during specified periods of time. The aggregator manages the portfolio of the controllable 

customers to determine the load-reduction capacity. These customers are operated as a VPP and 

offer load-reduction bids to the system operator in the electricity market.  The optimization 

problem is based on the minimization of final demand over the control interval, and the objective 

function is  

 𝑚𝑚𝑖𝑖𝑛𝑛∑ 𝑙𝑙𝑙𝑙𝑙𝑙𝑑𝑑𝑧𝑧
𝑧𝑧𝑧𝑧
𝑧𝑧=𝑧𝑧𝑖𝑖  (7) 

where loadz is the final demand obtained at time-step z after applying the control strategies 

calculated with the optimization algorithm. The values of time-step are obtained by  

 𝑙𝑙𝑙𝑙𝑙𝑙𝑑𝑑𝑧𝑧 = 𝑛𝑛𝑙𝑙𝑟𝑟𝑓𝑓𝑓𝑓𝑓𝑓𝑙𝑙𝑙𝑙𝑑𝑑𝑧𝑧 + ∆𝑓𝑓𝑙𝑙𝑙𝑙𝑑𝑑𝑧𝑧 (8) 
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where forceLoadz is an input data representing the expected demand at time step z, and ΔLoadz is 

the variation in the load that occurs in the time step when the control actions are applied.  

The developed algorithm was tested on part of an actual power system in northern Spain 

having a significant commercial and residential population. The authors assumed that the 

aggregator operates in the region and offers DLC contracts to consumers with a controllable 

device. A demand reduction can be offered in this power system market. When the TSO calls for 

demand reduction for a period running from 14:00 to 16:00, the aggregator runs the algorithm to 

satisfy the call.  Control strategies applied in this paper include the following: 

• Disconnecting the air conditioner for a maximum of 1 hour. 

• Increasing the temperature setting by a maximum of 2˚C for a maximum of 2 hours. 

• Increasing the temperature setting by a maximum of 3˚C for a maximum of 1.5 hours. 

• Increasing the temperature setting by a maximum of 4˚C for a maximum of 1 hour. 

The algorithm determines the optimal control strategies over the considered control period to find 

the maximum load reduction from controllable customers. Results show that the model provides 

an effective approach for generating load reduction bids of VPP, allowing the group of controllable 

customers to participate in the TSO market.   

3.3 Research Objective 

The objective of this area of the research was to evaluate the demand reduction of clusters 

from Chapter 2 at various thermostat settings in order for the aggregator to have more knowledge 

of the available reduction capacity. Also, the objective here is to develop a mathematical model to 

use available demand reduction as a virtual storage. This section of this research is divided into 

two parts: evaluation of the cluster demand reduction at various thermostat settings, and 
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development of a mathematical model to use the demand reduction capacity as virtual storage 

capacity. 

In the first part, an evaluation was performed on a residential DR model obtained in 

Chapter 1. The same reference temperature was set on all cluster thermostats, and the model was 

simulated per every degree Fahrenheit increment. This provided the demand reduction capacity of 

each cluster at various thermostat settings, which added flexibility to the research. In this way, an 

aggregator has more options from which to choose and can dispatch the demand reduction capacity 

as Available capacity as needed by the client.  

In the second part, the mathematical model developed in this research was based on the 

payment received (reward) from the client (ESPs), customer incentive by aggregator, customer 

participation, and demand reduction capacity. The objective of the model was to maximize the 

aggregator profit.  Numerous evolutionary algorithms (EAs), which draw inspiration from 

evolution by nature), can be used: genetic programming (GP), evolutionary programming (EP), 

evolutionary strategy (ES), genetic algorithm (GA), group search optimizer (GSO), swarm 

intelligence (SI), etc. [48]. For the application addressed in this research, several EAs were 

evaluated, and the genetic algorithm was determined to be most applicable. The GA generates a 

population of points at each iteration, and the best point in the population approaches an optimal 

solution, thereby being a good global optimization tool [49] [50]. The model finds the best possible 

virtual storage capacity (demand reduction capacity) of each cluster based on the given constraints 

to satisfy the objective of the function. 

3.4 Problem Statement 

This section provides the demand reduction capacity of clusters at different thermostat 

settings from results obtained in Chapter 2, mathematical model formulation, data, and assumption 
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used to achieve the objective of the research presented in Section 3.3. The problem stated in this 

chapter helps an aggregator to plan and operate better during the demand response event.   

Demand reduction at various temperature settings (70˚F to 85˚F) gives aggregator various 

range of demand reduction profile, which increase the aggregator flexibility in planning. The 

mathematical model has been used to optimize the virtual storage based on the customers demand 

reduction capacity, participation factor, reward factor and incentive constraints. This gives 

aggregator flexibility to operate by constraining available demand reduction and incentive to 

customers. 

3.4.1 Virtual Storage Capacity at Different Thermostat Settings 

DR model in the chapter 2 was model for HVAC shut off cycle over two hour period, 

which only gave the maximum demand reduction. Here same DR model has been simulated from 

70˚F to 85˚F over a two hour period to obtain the range of demand reduction (virtual storage) 

capacity. Initially, thermostats were kept at 70˚F, and the amount of virtual storage capability was 

measured by increasing the thermostat setting by 1˚F. Therefore, VS at 70˚F is zero and gradually 

increases as the thermostat setting or temperature inside the residence increases. For example, by 

increasing 1oF in cluster 1 reduces demand by 42,623 kWh. Table 13 shows that VS increases with 

increased thermostat setting, as expected. But it saturates, or reaches a maximum value of 

reduction, after certain thermostat settings, perhaps due to the type of residence insulation, square 

footage of the residence, and number of residence (participants) in a cluster.  That is, the cluster 

with residences having a lower thermal integrity level, fewer participants, and a smaller square-

footage residences will saturate earlier than a cluster with higher thermal integrity level, more 

participants, and larger square-footage residences. This information’s helps an aggregator know 

the available Available capacity provided by each increase in thermostat setting, and also the 
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maximum available storage limit of clusters so that it can plan and dispatch the needed energy 

profitably and efficiently. 

TABLE 13 

 VIRTUAL STORAGE CAPACITY 

Thermostat 
Setting 

(°F) 

Degree 
Increment 

per °F 

Demand Reduction (kWh) 

Cluster 1 Cluster 2 Cluster 3 Cluster 4 

70 0 0 0 0 0 
71 1 42623 27600 27611 7656 
72 2 107926 68036 69247 17456 
73 3 174637 112747 118003 29941 
74 4 260025 168558 167127 40712 
75 5 291321 197850 214023 54414 
76 6 313417 216454 238208 60682 
77 7 333512 232708 256728 63880 
78 8 352164 244928 272427 66813 
79 9 368614 254859 286322 67452 
80 10 374517 260843 297709 68298 
81 11 377418 261095 305714 68127 
82 12 377379 261469 311090 68366 
83 13 377120 262072 316085 68145 
84 14 377868 260912 319505 68145 
85 15 377381 261540 324040 67861 

 
3.4.2 Mathematical Model for Optimization 

The optimization model was built using the MATLAB optimization platform with the 

optimization tool (optimtool). The input parameters used for optimization model are listed below: 

𝑟𝑟𝑛𝑛 = reward factor; it is a unit less quantity, which defines the amount of financial reward 

given by clients to aggregator for demand reduction during DR event. Amount 

depends on the contractual agreement between clients and aggregator. In this 
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research rf is always considered as 1, that is aggregator gets 100 percentage of the 

financial reward from the client for reducing demand during DR event. 

𝑝𝑝𝑛𝑛=‘pf’ is a customer participation factor; it is a unit less quantity which defines the 

percentage of customer participated in the DR program  

𝑛𝑛𝑛𝑛= incentive factor; it is a unit less quantity, which defines the amount of financial 

incentive given by aggregator to customers for demand reduction during DR event. 

Amount depends on the contractual agreement between aggregator and customers.  

𝑥𝑥1  = available demand reduction of cluster 1 in kWh 

𝑥𝑥2  = available demand reduction of cluster 2 in kWh 

𝑥𝑥3  = available demand reduction of cluster 3 in kWh 

𝑥𝑥4  = available demand reduction of cluster 4 in kWh 

𝑛𝑛𝑛𝑛1  = incentive factor of cluster 1 for scenario 2, case 1 and 2 

𝑛𝑛𝑛𝑛2= incentive factor of cluster 2 for scenario 2, case 1 and 2 

𝑛𝑛𝑛𝑛3  = incentive factor of cluster 3 for scenario 2, case 1 and 2 

𝑛𝑛𝑛𝑛4 = incentive factor of cluster 4 for scenario 2, case 1 and 2 

𝑛𝑛𝑛𝑛5  = incentive factor of cluster 1 for scenario 2, case 3 and 4 

𝑛𝑛𝑛𝑛6  = incentive factor of cluster 2 for scenario 2, case 3 and 4 

𝑛𝑛𝑛𝑛7  = incentive factor of cluster 3 for scenario 2, case 3 and 4 

𝑛𝑛𝑛𝑛8  = incentive factor of cluster 4 for scenario 2, case 3 and 4 

𝑡𝑡1 − 𝑡𝑡4  = thermostat set point increment per °F 

The aim of the optimization model is to maximize the demand reduction or Virtual Storage based 

on the participation factor, reward factor, incentive factor and available demand reduction per 
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cluster during a DR event. Aggregator profit is virtual storage times the contractual per kWh 

agreement between client and aggregator. The optimization model is as follows: 

Objective function:  

 𝑉𝑉𝑖𝑖𝑟𝑟𝑡𝑡𝑉𝑉𝑙𝑙𝑙𝑙 𝑆𝑆𝑡𝑡𝑙𝑙𝑟𝑟𝑙𝑙𝑆𝑆𝑓𝑓 =  ∑ 𝑥𝑥𝑖𝑖.𝑝𝑝𝑛𝑛𝑖𝑖 . (𝑟𝑟𝑛𝑛 − 𝑛𝑛𝑛𝑛)4
𝑖𝑖=1   (9) 

Nonlinear constraints: 

Nonlinear constraints were based on the demand reduction per °F thermostat setting 

increment. Figure 21 shows the individual demand reduction of clusters due to increments in the 

thermostat settings.  

 

 

Figure 21: Demand reduction of clusters due to change in thermostat setting 

Data obtained from the DR model were discrete, meaning that demand reduction was determined 

at intervals of 1°F, that is 70°F, 71°F, 72°F, and so on until 85°F was reached. Continuous data 

was formed using Excel, and a nonlinear equation was obtained using MATLAB.  These were the 

maximum demand reductions available at a given thermostat setting; therefore, constraints were 

assumed to be less than or equal to the available demand reduction.  
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The nonlinear inequality constraint equations for the clusters are as follows: 
 
𝑥𝑥1 ≤ 0.014𝑡𝑡19 − 𝑡𝑡18 + 31𝑡𝑡17 − 500𝑡𝑡16 + 4700𝑡𝑡15 − 25000𝑡𝑡14 + 73000𝑡𝑡13 − 91000𝑡𝑡12 +            

     83000𝑡𝑡1 − 190     (10) 

 𝑥𝑥2 ≤ 0.0065𝑡𝑡27 + 0.27𝑡𝑡26 − 25𝑡𝑡25 + 570𝑡𝑡24 − 5800𝑡𝑡23 − 25000𝑡𝑡22 + 

  4300𝑡𝑡2 + 860 (11) 

 𝑥𝑥3 ≤ −0.00004𝑡𝑡39 − 0.024𝑡𝑡38 + 1.6𝑡𝑡37 − 43𝑡𝑡36 + 560𝑡𝑡35 − 3900𝑡𝑡34 + 13000𝑡𝑡33 − 

 13000𝑡𝑡32 + 32000𝑡𝑡3 − 110  (12) 

 𝑥𝑥4 ≤ − 0.0.005𝑡𝑡48 + 0.34𝑡𝑡47 − 9.1𝑡𝑡46 + 130𝑡𝑡45 − 980𝑡𝑡44 + 3700𝑡𝑡43 −                   

 5200𝑡𝑡42 + 10000𝑡𝑡4 − 49 (13) 

Linear constraints: 

Linear constraints were based on the linear increase of incentive factor as aggregator 

increases the customer’s thermostat setting. Increment in thermostat settings increases customer’s 

indoor temperature which in turn decrease the comfort level of the customers. Therefore 

aggregator increases the incentive factor to compensate the customer’s comfort level. Figure 22 

shows the relation between the incentive factor and the thermostat setpoint increase per °F. 

Incentives 1, 2, 3, and 4 are incentive factors for clusters 1, 2, 3, and 4, respectively. Based on 

Chapter 2 results and analysis, the incentive factor was assumed. Due to lower socioeconomic 

background cluster 4 would be more willing to take the incentive than other three clusters, likewise 

cluster 1 would be less willing to take the incentive than other three clusters. Therefore cluster 1 

was given the highest incentive factor, and likewise, cluster 4 was given the lowest incentive factor. 

For example, at 1°F, the increase incentive factor for cluster 1 is 0.5 and for cluster 4 is 0.2.  The 

incentive factor linearly increases with an increase in the thermostat setting. For all clusters, the 

maximum incentive factor was assumed to be 1.  
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Figure 22:  Relation between incentive factor and change in thermostat setting 

The linear equality constraints are as follows: 

 𝑛𝑛𝑛𝑛1 − 0.043𝑡𝑡1 = 0.3573 (14) 

 𝑛𝑛𝑛𝑛2 − 0.043𝑡𝑡2 = 0.3573 (15) 

 𝑛𝑛𝑛𝑛3 − 0.043𝑡𝑡3 = 0.3573 (16) 

 𝑛𝑛𝑛𝑛4 − 0.043𝑡𝑡4 = 0.3573 (17) 

 𝑛𝑛𝑛𝑛5 − 0.036𝑡𝑡1 = 0.464 (18) 

 𝑛𝑛𝑛𝑛6 − 0.043𝑡𝑡2 = 0.3573 (19) 

 𝑛𝑛𝑛𝑛7 − 0.05𝑡𝑡3 = 0.25 (20) 

 𝑛𝑛𝑛𝑛8 − 0.0574𝑡𝑡4 = 0.1432 (21) 
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and 𝑡𝑡1 is bounded between 1 and 11. The incentive factor starts at 0.5, and at the 11th °F 

increment, the incentive factor is 0.86. Therefore, 𝑛𝑛𝑛𝑛5 is bounded between 0.5 and 0.86. 

• In cluster 2, the demand reduction tends to saturate after the 13th °F increment, and here 

the demand reduction is 262,072 kWh. Therefore, 𝑥𝑥2  is bounded between 0 and 262,072 

kWh, and 𝑡𝑡2 is bounded between 1 and 13. The incentive factor starts at 0.4, and at the 13th 

°F increment, the incentive factor is 0.89. Therefore, 𝑛𝑛𝑛𝑛6 is bounded between 0.4 and 0.89.  

• In cluster 3, the demand reduction does not seem to saturate because zone 8 in this cluster 

has above normal thermal integrity residences, which does not saturate even after 15th °F 

increment and it has significant amount of demand reduction compare to other zones. 

Therefore, 𝑥𝑥3  is bounded between 0 and 324,040 kWh (maximum demand reduction 

available), and 𝑡𝑡3 is bounded between 1 and 15. The incentive factor starts at 0.3, and at 

the 15th °F increment, the incentive factor is 1. Therefore, 𝑛𝑛𝑛𝑛7 is bounded between 0.3 and 

1.  

• In cluster 4, the demand reduction tends to saturate after the 10th °F increment, and here 

the demand reduction is 68,298 kWh. Therefore, 𝑥𝑥4  is bounded between 0 and 68298 kWh, 

and  𝑡𝑡4 is bounded between 1 and 10. The incentive factor starts at 0.2, and at the 10th °F 

increment, the incentive factor is 0.79. Therefore, 𝑛𝑛𝑛𝑛8 is bounded between 0.2 and 0.79. 

• When using same incentive factor for all the clusters, incentive factor starting at 0.4 has 

been considered (equation 18 to 21). Since, in cluster 1, demand reduction tends to saturate 

after 11th °F increment 𝑛𝑛𝑛𝑛1 is bounded 0.4 and 0.83; in cluster 2, demand reduction tends 

to saturate after 13th °F increment  𝑛𝑛𝑛𝑛2 is bounded 0.4 and 0.9; in cluster 3, demand 

reduction tends to saturate after 10th °F increment 𝑛𝑛𝑛𝑛3is bounded 0.4 and 1 and in cluster 

4, demand reduction tends to saturate after 10th °F increment  𝑛𝑛𝑛𝑛4 is bounded 0.4 and 0.79. 
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The lower and upper bounds of variables are as follows: 

 0 ≤ 𝑥𝑥1 ≤ 377,418 kWh  (22) 

 0 ≤ 𝑥𝑥2 ≤ 262, 072 kWh   (23) 

 0 ≤ 𝑥𝑥3 ≤ 324,040 kWh  (24) 

 0 ≤ 𝑥𝑥4 ≤ 68,298 kWh  (25) 

 0.4 ≤ 𝑛𝑛𝑛𝑛1 ≤ 0.83 (26) 

 0.4 ≤ 𝑛𝑛𝑛𝑛2 ≤ 0.9 (27) 

 0.4 ≤ 𝑛𝑛𝑛𝑛3 ≤ 1 (28) 

 0.4 ≤ 𝑛𝑛𝑛𝑛4 ≤ 0.79 (29) 

 0.5 ≤ 𝑛𝑛𝑛𝑛5 ≤ 0.86 (30)  

 0.4 ≤ 𝑛𝑛𝑛𝑛6 ≤ 0.89 (31) 

 0.3 ≤ 𝑛𝑛𝑛𝑛7 ≤ 1 (32) 

 0.2 ≤ 𝑛𝑛𝑛𝑛8 ≤ 0.79 (33) 

 1 ≤ 𝑡𝑡1 ≤ 11  °F  (34) 

 1 ≤ 𝑡𝑡2 ≤ 13 °F (35) 

 1 ≤ 𝑡𝑡3 ≤ 15 °F (36) 

 1 ≤ 𝑡𝑡4 ≤ 10 °F (37) 
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The genetic algorithm was used as the solver. Table 14 provides a list of solver options and 

their parameters. 

TABLE 14  

LIST OF GENETIC ALGORITHM SOLVER OPTIONS 

Population  
Population type Double Vector 
Population Size 50 for 5 
Creation Function Constraint Dependent 
Initial Population [ ] 
Initial Scores [ ] 
Initial Range [-10 10] 

Scaling Function Rank 
Selection Function Stochastic Uniform 

Reproduction  
Elite Count 0.05 * Population Size 
Crossover Fraction 0.8 

Mutation Function Constraint Dependent 
Crossover Function Constraint Dependent 

Migration  
Direction Forward 
Fraction 0.2 
Interval 20 

Constraints Parameters  
Nonlinear Constraint Algorithm Augmented Lagrangian 
Initial Penalty 10 
Penalty Factor 100 

Stopping Criteria  
Generations 100 * Number of Variables 
Time Limit Inf 
Fitness Limit (–)Inf 
Stall Generation 200 
Stall Time Limit Inf 
Stall Test Average Change 
Function Tolerance 1.00E-06 
Constraint Tolerance 1.00E-03 
Evaluate Fitness and Constraint Function in serial 
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3.5 Results 

Results obtained using the objective function from Section 3.4 is explained in this section. 

Results are divided into two groups: those obtained from Scenario 1 and those obtained from 

Scenario 2. The GA was used in scenario 2 to achieve optimized output [51]. 

3.5.1 Results Obtained Via Scenario 1 

Scenario 1 does not include any constraints.  The incentive factor, reward factor, and 

participation factor are arbitrary numbers. The incentive and reward factors are, respectively, 0.6 

and 1. The participation factor for case 1 is based on the socioeconomic background of the clusters 

and same for all the clusters in case 2.  

3.5.1.1 Case 1: Different Participation Factors 

The participation factor, based on the analysis from Chapter 2, assumed that clusters with 

lower socioeconomic background are more likely to respond to incentives. Therefore, the 

participation factor is the lowest for cluster 1 and the highest for cluster 4.  Here the assumed 

arbitrary participation factors are 0.15 for cluster 1, 0.5 for cluster 2, 0.7 for cluster 3, and 0.9 for 

cluster 4. Due to the lower socioeconomic background of cluster 4 maximum customers will be 

willing to take the aggregators’ incentive. Therefore the participation factor is assumed as 0.9 that 

is ninety percentage of customers in cluster 4 will participate in the DR program. However cluster 

1 comprises customers with highest socio economic background, hence they will be less willing 

to take aggregators’ incentive. Therefore participation factor is assumed as 0.15 that is only fifteen 

percentage of customers in cluster 1 will be willing to participate in the demand response. Likewise 

cluster 2 and cluster 3 customers’ willing to take aggregators’ incentive are assumed as fifty 

percentage and seventy percentage respectively. Figure 23 shows the virtual storage and available 

capacity of each cluster based on the objective function and assumptions. The thermostat setting 
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varied from 70°F to 85°F. Now an aggregator has flexibility in choosing different clusters based 

on virtual storage, available capacity, and thermostat setting. For example, the maximum available 

capacity for cluster 1 is 56,610 kWh at 81°F, and the corresponding virtual storage is 3,397 kWh. 

Therefore, the aggregators’ profit is 3,397 kWh times the contract rate per kWh between 

aggregator and client; the maximum available capacity for cluster 2 is 130,500 kWh at 80.3°F, and 

the corresponding virtual storage is 26,090 kWh. Therefore, the aggregators’ profit is 26,090 kWh 

times the contract rate per kWh between aggregator and client; the maximum available capacity 

for cluster 3 is 226,800 kWh at 85°F, and the corresponding virtual storage is 63,510 kWh. 

Therefore, the aggregators’ profit is 63,510 kWh times the contract rate per kWh between 

aggregator and client; and the maximum available capacity for cluster 4 is 61,470 kWh at 80°F, 

and the corresponding virtual storage is 22,130 kWh. Therefore, the aggregators’ profit is 22,130 

kWh times the contract rate per kWh between aggregator and client.  

 

(a) 
Figure 23: Virtual storage and available capacity of clusters at different thermostat settings 
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(b) 
 

 
(c) 

 
Figure 23: Virtual storage and available capacity of clusters at different thermostat settings 
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(d) 
 

Figure 23: Virtual storage and available capacity of clusters at different thermostat settings 
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demand reduction goal. It can be seen that the cumulative available capacity at each point is equal 

to the output virtual storage. Also, after certain thermostat setting increments, the virtual storage 

does not increase; therefore, a virtual storage saturation of clusters occurs. Figures 26 and 27 show 

the relation between the optimal virtual storage and optimal thermostat setting relative to available 

Temperature

70 75 80 85
Vi

rtu
al

 S
to

ra
ge

10 4

0

1

2

3
Cluster 4

Temperature

70 75 80 85

Av
ai

ba
le

 C
ap

ac
ity

10 4

0

2

4

6

8



 

65 

capacity, respectively. For example, the optimal virtual storage of cluster 3 at 2e+5 kWh Available 

capacity is 24,090kWh times the contract rate per kWh between the aggregator and client, and the 

optimal thermostat setting for all clusters at 2e+5 kWh available capacity is 73.1°F. 

 
Figure 24: Virtual storage of clusters at different thermostat settings 

 

Figure 25: Relation between input and output virtual storage capacity 
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Figure 26: Relation between optimal virtual storage and available capacity 

 

  

 
Figure 27: Relation between optimal thermostat setting and available capacity 
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3.5.1.1 Case 2: Same Participation Factors 

The participation factors are same for all the clusters. Here the assumed arbitrary 

participation factor is 0.9. This case is based on the assumption that, all the customers are willing 

to take the incentive. Therefore, participation factor for all the clusters is 0.9. This will help 

aggregator to determine maximum available virtual storage, profit, and optimal temperature. 

Figure 28 shows the virtual storage and available storage capacity of each cluster based on the 

objective function and assumptions. The thermostat setting varied from 70°F to 85°F. Now an 

aggregator has flexibility in choosing different clusters based on virtual storage, available capacity, 

and thermostat setting. For example, the maximum available capacity for cluster 1 is 339,700 kWh 

at 81°F, and the corresponding virtual storage is 122,300 kWh. Therefore the aggregators’ profit 

is 122,300 kWh times the contract rate per kWh between aggregator and client; the maximum 

available capacity for cluster 2 is 234,800 kWh at 80.3°F, and the corresponding virtual storage is 

84,540 kWh. Therefore the aggregators’ profit is 84,540 kWh times the contract rate per kWh 

between aggregator and client; the maximum available capacity for cluster 3 is 291,600 kWh at 

85°F, and the corresponding virtual storage is 105,000 kWh. Therefore the aggregators’ profit is 

105,000 kWh times the contract rate per kWh between aggregator and client; and the maximum 

available capacity for cluster 4 is 61,470 kWh at 80°F, and the corresponding virtual storage is 

22,130 kWh. Therefore the aggregators’ profit is 22,130 kWh times the contract rate per kWh 

between aggregator and client.  
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(a) 

 

 
(b) 

 
Figure 28: Virtual storage and available capacity of clusters at different thermostat settings 
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(c) 

 
 

(d) 
 

Figure 28: Virtual storage and available capacity of clusters at different thermostat settings 
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settings. At 80°F, the virtual storages for clusters 1 to 4 are, respectively, 121,2003 kWh, 84,510 

kWh, 96,460 kWh, 22,130 kWh times the contract rate per kWh between aggregator and client. 

Figure 29 also provides the cumulative virtual storage at each thermostat setting.  

  

Figure 29: Virtual storage of clusters at different thermostat settings 
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Figure 30: Relation between input and output virtual storage capacity 

 
 

Figure 31: Relation between optimal aggregator and available capacity 
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Figure 32: Relation between optimal thermostat setting and available capacity 

3.5.2 Results Obtained Via Scenario 2 

Scenario 2 includes all constraints and bounds mentioned in Section 3.4.  The reward and 

participation factors were arbitrary numbers. Incentive factors were based on linear equality 

constraints. The reward factor was the same for all cases, but participation factors were different 

for different cases. The genetic algorithm was used to achieve the maximum objective function 

value (virtual storage value) and corresponding variables value. In order to find the maximum 

value, the negative of the objective function (–objective function) was simulated, which results in 

a  negative objective function value that should be multiplied by –1 to get the actual maximum 

objective function value.  

3.5.2.1 Case 1: Same Incentive Factor Constraint and Different Participation Factors  

In this case, the linear equality constraint of the incentive factor in equation (14 to 17) and related 

lower and upper bounds of variables were used for all clusters. The participation factors for clusters 

1 to 4 are 0.15, 0.5, 0.7, and 0.9, respectively. Figure 33 shows the case 1 optimization output. The 
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final objective function value is 126,726 kWh; therefore, the maximum virtual storage is 126,726 

kWh and the profit is maximum virtual storage times the contract rate per kWh between aggregator 

and client. Table 15 shows the optimum values of objective function variables; 𝑥𝑥1 𝑡𝑡𝑙𝑙 𝑥𝑥4  are virtual 

storage, 𝑛𝑛𝑛𝑛1 𝑡𝑡𝑙𝑙 𝑛𝑛𝑛𝑛4 are incentive factor, and  𝑡𝑡1 𝑡𝑡𝑙𝑙 𝑡𝑡4 are thermostat setpoint increment. Table 15 

also shows the participation factor, and corresponding calculated virtual storage for all the clusters. 

The calculated final objective function value is 126,736 kWh, 10 kWh difference is due to the 

rounding up of values.   

 

 
Figure 33: Case 1: Optimization output 
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TABLE 15 
 

CASE 1: VARIABLE OUTPUTS 
 

Variable 
Available 
capacity 
(kWh) 

Incentive 
Factor 

Thermostat Setpoint 
Increase (oF) 

Participation 
Factor 

Virtual 
storage 
(kWh) 

x1 136712     0.15 11176 
x2 50263     0.5 14476 
x3 244002     0.7 94112 
x4 13639     0.9 6972 
t1     2.305     
t2     1.575     
t3     2.153     
t4     1.753     

nf1   0.455       
nf2   0.424       
nf3   0.449       
nf4   0.432       

Objective Function Value 126736 
 

3.5.2.2 Case 2: Same Incentive Factor Constraint and Same Participation Factors  

In this case, the linear equality constraint of the incentive factor in equation (14 to 17) and the 

related lower and upper bounds of variables were used for all clusters. The participation factor for 

clusters 1 to 4 is 0.9. Figure 34 shows the case 2 optimization output. The final objective function 

value is 152,181 kWh; therefore, the maximum virtual storage is 152,181 kWh and the profit is 

maximum virtual storage times the contract rate per kWh between aggregator and client. Table 16 

shows the optimum values of objective function variables; 𝑥𝑥1 𝑡𝑡𝑙𝑙 𝑥𝑥4  are virtual storage, 𝑛𝑛𝑛𝑛1 𝑡𝑡𝑙𝑙 𝑛𝑛𝑛𝑛4 

are incentive factor, and  𝑡𝑡1 𝑡𝑡𝑙𝑙 𝑡𝑡4 are thermostat setpoint increment. Table 16 also shows the 

participation factor, and corresponding calculated virtual storage for all the clusters. The calculated 

final objective function value is 152,226 kWh, 45 kWh difference is due to the rounding up of 

values.   
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Figure 34: Case 2: Optimization outputs 

 

TABLE 16 
CASE 2: VARIABLE OUTPUTS 

 

Variable 
Available 
capacity 
(kWh) 

Incentive 
Factor 

Thermostat Setpoint 
Increase (oF) 

Participation 
Factor 

Virtual 
storage 
(kWh) 

x1 98008     0.9 49661 
x2 77229     0.9 38437 
x3 113049     0.9 58198 
x4 11362     0.9 5931 
t1     1.884     
t2     2.114     
t3     1.663     
t4     1.479     

nf1   0.437       
nf2   0.447       
nf3   0.428       
nf4   0.42       

Objective function value 152226 
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3.5.2.3 Case 3: Different Incentive Factor Constraints and Different Participation Factors  

In this case, all inequality constraints, equality constraints, and related lower and upper 

bounds mentioned in section 3.4.2 were used. Participation factors for clusters 1 to 4 are 0.15, 0.5, 

0.85, and 0.9, respectively.  Figure 35 shows the case 3 optimization output. The final objective 

function value is 187,738 kWh; therefore, the maximum virtual storage is 187,738 kWh and the 

profit is maximum virtual storage times the contract rate per kWh between aggregator and client. 

Table 17 shows the optimum values of objective function variables; 𝑥𝑥1 𝑡𝑡𝑙𝑙 𝑥𝑥4  are Available 

capacity, 𝑛𝑛𝑛𝑛5 𝑡𝑡𝑙𝑙 𝑛𝑛𝑛𝑛8 are incentive factor, and  𝑡𝑡1 𝑡𝑡𝑙𝑙 𝑡𝑡4 are thermostat setpoint increment. Table 17 

also shows the participation factor, and corresponding calculated virtual storage for all the clusters. 

The calculated final objective function value is 187,877 kWh, 139 kWh difference is due to the 

rounding up of values.  

 

Figure 35: Case 3: Optimization outputs 
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TABLE 17 
 

CASE 3: VARIABLE OUTPUTS 
 

Variable 
Available 
capacity 
(kWh) 

Incentive 
Factor 

Thermostat Setpoint 
Increase (oF) 

Participation 
Factor 

Virtual 
storage 
(kWh) 

x1 171896     0.15 11397 
x2 98346     0.5 26308 
x3 317602     0.7 140952 
x4 13517     0.9 9221 
nf5   0.558       
nf6   0.465       
nf7   0.366       
nf8   0.242       
t1     2.636     
t2     2.524     
t3     2.335     
t4     1.738     

Objective function value 187877 
 

3.5.2.4 Case 4: Same Incentive Factor Constraint and Same Participation Factor 

In this case, all inequality constraints, equality constraints, and related lower and upper 

bounds mentioned in section 3.4.2 were used. The participation factor for clusters 1 to 4 is 0.9.  

Figure 36 shows the case 4 optimization output. The final objective function value is 227,414 kWh; 

therefore, the maximum virtual storage is 227,414 kWh and the profit is maximum virtual storage 

times the contract rate per kWh between aggregator and client. Table 18 shows the optimum values 

of objective function variables; 𝑥𝑥1 𝑡𝑡𝑙𝑙 𝑥𝑥4  are Available capacity, 𝑛𝑛𝑛𝑛5 𝑡𝑡𝑙𝑙 𝑛𝑛𝑛𝑛8 are incentive factor, 

and  𝑡𝑡1 𝑡𝑡𝑙𝑙 𝑡𝑡4 are thermostat setpoint increment. Table 18 also shows the participation factor, and 

corresponding calculated virtual storage for all the clusters. The calculated final objective function 

value is 227507 kWh, 93 kWh difference is due to the rounding up of values. 
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Figure 36: Case 4: Optimization outputs 

 

TABLE 18:  

CASE 4: VARIABLE OUTPUTS 

Variable 
Available 
capacity 
(kWh) 

Incentive 
Factor 

Thermostat Setpoint 
Increase (oF) 

Participation 
Factor 

Virtual 
storage 
(kWh) 

x1 173491     0.9 69015 
x2 79233     0.9 39292 
x3 189029     0.9 110922 
x4 11961     0.9 8278 
nf5   0.558       
nf6   0.449       
nf7   0.348       
nf8   0.231       
t1     2.65     
t2     2.153     
t3     1.984     
t4     1.55     

Objective function value 227507 



 

79 

3.6 Discussion 

 The main function of the aggregator is to combine the customers’ flexibilities, customers’ 

willingness to change their demand profile [39]. As a deregulated player aggregator can sell these 

flexibilities to meet the request of system operators in an organized energy market through bilateral 

contracts.  Aggregator simulates the customers’ information’s to obtain the customers’ flexibility 

and to enhance the business model. The simulation process can be divided into three main 

categories 

• Collection: collecting the customers’ data so that customers can be classified into different 

clusters based on their socioeconomic behavior. Data may include outdoor weather 

condition, thermal integrity level of residence, electrical appliances, unemployment, 

median household income etc. 

• Simulation:  each customer is simulated based on the collected data so that customers with 

similar behavior are clustered together. Then the aggregator runs the optimization 

algorithm with the objective of maximizing the profit.  

• Aggregation: results from simulation are structured to obtain the overall cluster flexibility.  

The optimization algorithm helps aggregator to send appropriate signal to the customers to 

maximize the aggregator profit. The aggregator has to run simulation every day in order to be able 

to participate in the energy market and properly meet the market requirement. The accuracy of the 

simulation results highly affects the reward received from the client. Therefore optimization model 

should be simple and robust. It should include the appropriate decision variables to match the 

aggregator business model.  The decision variables used in the optimization model are as follows; 

• Group of variables which bounds the demand reduction capacity or VS capacity based on 

the available VS capacity. 
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• Group of variables which bounds the incentive factor provided by aggregator based on the 

available VS capacity. 

• Finally group of variable which bounds the customers’ thermostat setting based on the 

indoor temperature.  

Now with all this information, for each possible flexibility request from the client, the 

aggregator should be able to retrieve the customers’ flexibility information to fulfil the request as 

well as make profit for itself. In this research optimization model is run for one of the hottest day 

in Wichita, Kansas. The optimization model maximizes the virtual storage and the profit is virtual 

storage times the reward received from client per kWh. Based on the customers, participation 

factor and aggregators’ incentive factor the research was divided into two scenarios, and various 

cases.   

First scenario was run without any constraints, where customers’ thermostat settings was 

varied between 70˚F to 85˚F. In this scenario incentive factor was same for all the clusters. First 

the objective function was run with different participation factor for clusters and then it was again 

run with same participation factor with clusters. The results showed clusters’ relation profile 

between virtual storage and available capacity between 70˚F to 85˚F. Based on thermostat setting 

aggregator can find out available capacity and its corresponding virtual storage of each cluster. 

This scenario did not give one optimum value it gave the profile, aggregator has to find the desired 

solution by looking at the profile.  

Second scenario was run with linear equality and nonlinear inequality constraints and their 

respective bounds. Nonlinear inequality constraints were based on the demand reduction of 

clusters per °F thermostat setting and linear equality constraints were based on the linear increase 

of incentive factor as aggregator increases the customer’s thermostat setting. Depending on the 



 

81 

increment factor and participation factor this scenario was divided into four cases. Case 1 and Case 

2 were simulated with same linear equality and different nonlinear inequality constraints for each 

cluster. In Case 1 participation factor was varied based on the socioeconomic behavior of the 

clusters and case 2 had same participation factor for all clusters. Similarly case 3 and case 4 were 

simulated with different linear equality and nonlinear inequality constraints for each cluster. In 

Case 2 participation factor was varied based on the socioeconomic behavior of the clusters and 

case 4 had same participation factor for all clusters. This scenario gave optimum value of virtual 

storage and corresponding optimum values of thermostat setting and incentive factor.  

3.7 Conclusion 

This chapter puts forward the concept of virtual storage. Virtual storage means that the 

storage is not an actual physical storage system. It depends on the response of customers to demand 

response programs, and its characteristics are comparable to the charging and discharging of hard 

storage systems. Peak loads are mainly concentrated during summer afternoons; therefore, a very 

large capital investment in the expansion of a power system infrastructure for only a few hours 

may not be feasible.  This is encouraging investment in energy storages systems, but these hard 

storage technologies are still expensive, need a large initial capital investment, and are sometimes 

geographically limited. These barriers provide the opportunity to lower the risk and lower the cost 

technology called “virtual storage.” This chapter further elaborates the concept virtual storage by 

focusing on the participation of customers during peak demand event and formulating an 

optimization model (virtual storage model). 

The objective of this area of the research was divided into two parts: evaluation of the 

cluster demand reduction at various thermostat settings, and development of a mathematical model 

to use the demand reduction capacity as virtual storage capacity. Cluster demand reduction was 
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performed on a residential DR model obtained in Chapter 2. The same reference temperature was 

set on all cluster thermostats, and the model was simulated per every degree Fahrenheit increment. 

And the mathematical model developed in this research is based on the payment received from the 

client, customer incentive by aggregator, customer participation, and demand reduction capacity. 

The objective of the model was to maximize the aggregator profit. 

The objective function was based on the virtual storage capacity, participation factor, 

reward given by client and incentive provided to customers.  Nonlinear inequality constraints were 

based on the demand reduction per °F thermostat setting increment. All the cluster saturated before 

fifteenth degree Fahrenheit except for cluster 3. Linear equality constraints ere based on the linear 

increase of incentive factor as aggregator increases the customer’s thermostat setting. Increment 

in thermostat settings increases customer’s indoor temperature which in turn decrease the comfort 

level of the customers. Therefore aggregator increases the incentive factor to compensate the 

customer’s comfort level. Incentive factors were assumed based on the Chapter 2 results and 

analysis. Therefore cluster 1 was given the highest incentive factor, and likewise, cluster 4 was 

given the lowest incentive factor. Lower and upper bounds of the input variables were selected 

based on the saturation of remand reduction, incentive factor and thermostat settings of each 

cluster.  

Results were divided into two scenarios’ based on the incentive factor. Scenarios’ were 

further divided into different cases based on the clusters’ participation factors. Furthermore, 

scenario 1 does not include any constraints and scenario 2 includes both the linear and nonlinear 

constraints. In both the scenarios’ arbitrary participation factor factors were assumed based on the 

socioeconomic background of the clusters that is customers with lower economic background will 

be more willing to take incentive than customers with higher economic background. Cluster 4 was 



 

83 

given highest participation factor and cluster 1 was given lowest participation factor. Participation 

factor from cluster 1 to cluster 4 were respectively 0.15, 0.5, 0.7 and 0.9.  In both the scenarios’ 

objective function was also simulated with same participation factor for all the clusters. In scenario 

1 same incentive factor was assumed for all the clusters but in scenario 2 incentive factor was 

based on the linear equality constraints.   

In scenario1-case 1, although cluster 4 was given highest participation factor, cluster 3 gave 

highest available capacity and virtual storage profile against thermostat settings.  This due to the 

number of customers’ in cluster 3 is very high compare to cluster 4. Also area of residence of each 

customers in cluster 3 is higher than the cluster 4. Although cluster 1 has similar number of 

residence and better thermal integrity houses, available capacity and virtual storage profile against 

thermostat settings was lower that cluster 3 due to very low participation factor.  

In scenario1-case 2, all the cluster were given same participation factor, cluster 1 gave 

highest Available capacity and virtual storage profile against thermostat settings. Although cluster 

2 had better thermal integrity it still gave the lower available capacity and virtual storage profile 

against thermostat settings than cluster 3, because the number of customers in cluster 3 is higher 

than cluster 2. Cluster 4 gave the lowest available capacity and virtual storage profile against 

thermostat settings 

In scenario2 – case1, the linear equality constraint of the incentive factor in equation (14 

to 17) and related lower and upper bounds of variables were used for all clusters. The participation 

factors for clusters 1 to 4 are 0.15, 0.5, 0.7, and 0.9, respectively. It gave the optimal available 

capacity value of each cluster with corresponding incentive factor and thermostat setting increase. 

The maximum virtual storage in this case is 126,726 kWh and the profit is maximum virtual 

storage times the contract rate per kWh between aggregator and client 
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In scenario2 – case2, the linear equality constraint of the incentive factor in equation (15) 

and the related lower and upper bounds of variables were used for all clusters. The participation 

factor for clusters 1 to 4 is 0.9.  It gave the optimal virtual storage value of each cluster with 

corresponding incentive factor and thermostat setting increase. The maximum virtual storage in 

this case is 152,181 kWh and the profit is maximum virtual storage times the contract rate per kWh 

between aggregator and client, which is more than case 1 because the participation factor for 

clusters are more compare to  case1.  

In scenario2 – case3, In this case, all inequality constraints, equality constraints, and related 

lower and upper bounds mentioned in section 3.4.2 were used. Participation factors for clusters 1 

to 4 are 0.15, 0.5, 0.7, and 0.9, respectively.  It gave the optimal Available capacity value of each 

cluster with corresponding incentive factor and thermostat setting increase. The maximum virtual 

storage in this case is 187,738 kWh and the profit is maximum virtual storage times the contract 

rate per kWh between aggregator and client, which is more than case 1 and case 2 because linear 

incentive for case 3 is less than case 1 and case 2. Also cluster 3 gave the highest Available capacity 

compare to other cluster 1 and 2.   

In scenario2 – case4, In this case, all inequality constraints, equality constraints, and related 

lower and upper bounds mentioned in section 3.4.2 were used. The participation factor for clusters 

1 to 4 is 0.9. It gave the optimal virtual storage value of each cluster with corresponding incentive 

factor and thermostat setting increase. The maximum virtual storage in this case is 227,414 kWh 

and the profit is maximum virtual storage times the contract rate per kWh between aggregator and 

client, which is more than case 1, case 2 and case 3 because all the cluster have same participation 

factor. 
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These results are very essential for aggregator in order to plan and operate DR events. 

Aggregator should know the available capacity and corresponding virtual storage profile to design 

the business model, meet the clients’ requirement and be profitable. These results also helps to 

minimize the aggregator risks of miss calculating the potential flexibility of customers’.  
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CHAPTER 4 
 

CONCLUSION SUMMARY AND FUTURE WORK 
 
 

It is evident from the clusters obtained in this research that American society is already 

divided into groups which represent their own socio economic status. Therefore this research can 

focus on different socioeconomic strata of American society, so that depending on the need, it can 

easily focus on the target cluster (group). That may be the win-win situation for all; customers, 

aggregators and the clients.  Customers can get the incentive based on the flexibility of willingness 

to participate, aggregators make profit and clients will not have to make huge capital investment 

in the expansion of power system infrastructure for few hours of peak demand.  

DR programs are becoming an integral part of the power system, helping create a closer 

alignment between the ESP’s resources and customers’ use. DR incentives must benefit both ESPs 

and participating customers for programs to succeed. DR incentives should be more economical 

for ESPs than operating reserve generation capacity to manage peak load events. Then a DR 

program can serve as a cost-effective and dependable technique to reduce peak loads, insuring 

system stability without building excess backup generation infrastructure.  Moreover, increasing 

construction costs and concerns about global climate change elevate the importance of DR 

programs 

Aggregated demand response can act as virtual energy storage because it can provide 

functions similar to energy storage by intelligently managing the power and energy consumption 

of loads. Chapter 2 of this dissertation explains the research of a cluster analysis of residents under 

zip code 67212 based on their socioeconomic conditions (unemployment, median house income, 

resident poverty level, thermal integrity level, and average occupancy). Altogether, four clusters 

were formed. Clusters with lower socioeconomic conditions were assumed to be more willing to 
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participate in DR programs than those with higher socioeconomic conditions. Four clusters were 

modeled with the GridLAB-D simulation tool based on the residence thermal integrity, square 

footage, type of HVAC system, occupancy, etc., in order to implement direct load control during 

the DR event. This provided the amount of demand reduction available for each cluster.  

Chapter 3 of this dissertation shows the development of the optimization model based on 

the results and an analysis from Chapter 2 to treat demand reduction during a DR event as virtual 

storage. The first DR model of each cluster was simulated at 70˚F to 85˚F, so that an aggregator 

has a range of demand reductions or virtual storage capacities from which to choose. Based on the 

DR model and Chapter 2 results, an analysis optimization model was developed with linear and 

nonlinear constraints. This model was optimized to find the maximum aggregator profit and virtual 

storage capacity of the corresponding clusters by using a genetic algorithm solver.  

Future work could be in the development of both the predictive analytics and optimization 

model of the research; some of them are listed below. 

• Cluster analysis can be done for bigger geographical location with more socio economic 

variables. 

• Demand response program can be considered for entire summer instead of only one day. 

• Demand response program is based on HVAC system only, other electrical appliances can be 

included to obtain better demand reduction profile.    

• Constraints can be developed for reward and participation factor based on the contractual 

agreements instead of using arbitrary numbers.  

• More realistic incentive factor constraints can be used based on the contractual agreement 

between aggregator and customer. 
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• Thermostat setting is assumed continuous in this research, mixed integer optimization can be 

implemented to include discrete thermostat settings.   
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