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ABSTRACT 

 

 

Power system demand variation is a challenging job that needs to be done by power system 

operators. There have been many studies and research to reduce the peak hour load reduction and 

reduce the load demand. Most of the work is proposing to move the loads and different hour, and 

it will create another peak hour.  

After conducting various studies and research to overcome the problems of demand 

response, this thesis proposes a demand response (DR) algorithm to decrease the hourly peak load 

demand. The proposed method is using a voluntary based load scheduling for residential level 

consumers. 

The primary purpose of this work is to find hours with minimal consumers attempting to 

use electricity and shift the loads from high consumption hours. Through the proposed method, 

low demand hours can find by calculating the number of consumers and the load sum limit in each 

hour. The application was tested using ten residential loads. According to the results, the load 

demand variation can be reduced and try to keep the load consumption closer to an hourly limit 

amount.  

According to the proposed algorithm, residential load demand curves will allow the utility 

companies to buy electricity from less expensive sources. While considering hourly load demands, 

this thesis provides information of a supportive method to control the indoor thermal condition 

with the response to hourly electricity price. 
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CHAPTER 1  
 

INTRODUCTION 

 

 

Residential electricity usage has been primarily increased by the present day [1] because 

today, houses have number of electrical appliances such as Air Conditioner / Heater, Water Heater, 

Dishwasher, Clothes Washer, Clothes Dryer, Refrigerator and so on [2, 3]. Because of this high 

demand for electricity, the amount of electricity supply has also increased largely.  

Consuming electricity of residences in a manageable manner is very important. Power 

system operators apply different proposals to manage the demand and supply of residential 

electricity. Demand Response (DR) programs are one of them. Today, various DR programs have 

been applied to overcome the managing issues of demand and supply schedules.    

1.1   Demand Response 

DR is a practical application used at present to maintain the demand and supply of 

electricity in a controllable manner. [4] U. S. Department of Energy (DOE) and Federal Energy 

Regulatory Commission (FERC) explains how DR can help with the end-users. End consumers 

change electrical consumption from their day-to-day electrical usage according to the variations 

of electricity tariffs with time or according to the incentives or when the reliability of a system is 

at risk.  

DR can help to end-user and utilities to reduce the energy cost by balancing and supply 

and demand. This avoids high wholesale market prices [5, 6, 7] and improve grid reliability [8], 

[9]. 

Demand response can be categorized into different standard levels [10]. Terminal Series 

explains a system that allows the end-users to participate in DR tariff systems and offer new 

structures for users with different load consumption levels.  
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Today, DR technology used at the industrial level, commercial level, and residential level 

[11]. Individual-based programs, Mass Market programs, Event-based programs, Non-Event 

based programs are some of the popular DR programs use in the United States now. In Individual-

based applications, consumers have allowed determining the limitations of the amount and time of 

electrical consumption. Real-Time Pricing (RTP) and Critical Peak Pricing (CPP) can introduced 

as instances for Individual-based programs. Mass Market programs and Individual based programs 

have some similar pricing characteristics. Time-of-Use Pricing (TOU) is an example of Mass 

Market programs. Event-based programs have a quality of reliability, and Direct Load Control 

(DLC) is an example of it. Non-Event based applications based on economic [4].  

Electricity is produced using resources such as water, wind, natural gas, solar power, etc. 

Using these resources effectively is a significant fact when generating electricity. [12] DR 

programs directly help to manage these resources effectively at the electricity generating process. 

Not only that, DR offers a lot of benefits to the customers, electricity distribution companies, and 

the wholesale market. DR provides opportunities to the consumers to decrease electricity by 

reducing the consumption or shifting their electric usage during peak load periods based upon time 

and cost benefits. If the electricity bills go lower, consumers have incentive benefits. Accordingly, 

DR helps to control the consumption of residential loads directly as well as electricity system 

planners use DR to balance the supply and electricity demand. [12] Figure 1 gives an overview of 

how DR effects for electricity supply, the amount of electricity consumption, and for the electricity 

bills. Furthermore, DR programs target to lower the wholesale market prices and offer time-based 

rate programs. A lot of costs expended when generating electricity. So, these production costs can 

manage at a controlled level because of applying DR programs [13].   
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Figure 1. Effect of DR on electricity supply, usage and cost. 

DR technology plays a significant role in the demand and supply chain of electricity [14]. User 

electricity consumption needs to evaluate before allowing the customer to play a role in Demand 

Response Management (DRM) [15]. Autonomous demand response can directly affect power 

distribution costs and smoothing the load consumption variation. Incentive-based programs are 

getting more popular with end-users [16].  

1.2   Contribution of Thesis 

Objective of this thesis work is supported residential level power distribution by, 

• Developing an algorithm to calculate a consumer fairness weight value for each hour slot 

using game-theoretic approach.  

• Developing a model to residential load demand to meet system requirements and smooth 

load demand curve. 

• Proposing a model to control indoor thermal comfort depend on extreme temperature 

levels. 
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• Creating an atmosphere for the distributor to initiate a new rewarding program based on 

consumption impartiality.  

1.3  Outer Layer of Work Needed Apart from Thesis 

This work focused on developing a mathematical model to calculate a relative value for each load 

demand slot for a give distribution area. The following setup is outside of this work, 

• Develop a residential control device to communicate with appliances. 

• Implement appliances to connect with the residential control device. 

• Develop a communication setup for residential control device and load distribution center.  

1.4  Organization of Thesis 

This thesis presents a game theory-based demand response algorithm for economic 

residential load scheduling built by combining five chapters. Chapter 1 gives an introduction to 

this thesis. It explains what the demand response is, the benefits of it, and the objectives of this 

research. Literature reviews discussed under Chapter 2. It includes various proposals, challenges, 

issues, solutions, and so on of demand response of residential load scheduling done in many types 

of research. Game-theoretic approaches for demand response and weighted value usage discussed 

later in the chapter.  

Chapter 3 describes the residential load scheduling algorithm. Under this topic, single-user 

load scheduling discussed at first, and secondly, multiple user load scheduling discussed. This 

chapter explains how residential load scheduling can be done by using a weight-based load shifting 

system. Chapter 4 talk about the marginal contribution for each hour and user for the load reduction 

and shown results of the proposed method. Furthermore, reduction peak load demand and elasticity 

of the cost also calculated. Conclusion and future work of this thesis mentioned in Chapter 5. 
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CHAPTER 2  
 

LITERATURE REVIEW 

 

 

Direct load control for end-users has used for decades. Price driven control for the 

distribution level is getting popular. These controlled loads will help the utility to predict the load 

requirements. Then they can use renewable energy sources as required. This kind of demand and 

price control system is having issues when there are a large number of consumers. Implementing 

a stochastic load programming method could be very challenging.  

The U.S. Energy Independence and Security Act of 2007 [17] recommends active 

consumer participation to improve energy reliability, efficiency, and security. Residential-level 

demand response (R-DR) has gained momentum with the focus on active consumer participation. 

R-DR provides an opportunity for the consumers to reduce the cost of electricity by reducing 

consumption or shifting their energy usage during peak periods. Clustered-participation of R-DR 

can provide benefits to the wholesale market. R-DR allow the utilities to optimize their assist usage 

and better manage both wholesale and distribution system capital investment. One of the benefits 

of R-DR program is the ability to predict the load more accurately and flow the prediction by better 

pricing and control strategies. Real-time communication enabled metering infrastructure will serve 

as a vital interfacing tool to achieve these requirements. One of the challenges is to develop an R-

DR mechanism that provides benefits to the utility while minimizing consumer discomfort and 

considering their usage requirements.  

2.1   Moderating Inefficient Load Demand 

In recent years, several papers have discussed efficiently scheduling residential loads to 

optimize demand response. Effective R-DR programs have been focusing on thermal comfort by 

controlling heating, ventilation, and air condition (HVAC) systems and water heaters. Authors of 
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[18] proposes an automated Home Energy Management system (HEM) to schedule loads by giving 

minimum impact to customers' daily lifestyle. The proposed HEM is controlling water heating, 

space cooling, clothes dryer, and electric vehicle charging. A low-voltage residential load 

controlling model can control thermostat with the demand for hot water requirements [19]. 

Optimal scheduling and price elasticity matrices are used to calculate the impact on 

dynamic pricing. Reference [20] presents an algorithm to schedule water heating based on price 

and load forecasting. This algorithm is calculating user comfortable temperature levels ranges. 

These models use appliance usage data to manage individual home energy consumption.  

Authors of [21] proposed an automated energy scheduling system for residential customers 

to handle DR in smart grids. Mathematical DR optimization method is formulated and designed 

using real-time and progressive pricing policies. Real-time pricing models are useful for 

heterogeneous home agents and retailer agents to make intelligent decisions. Decision making can 

achieve by implementing a multiagent evaluation system for residential DR [22]. Chen and 

Mashima in [23] were proposing mathematical modeling and economical operation to demand 

response programs. Ruilong [24] discusses peak clipping, valley filling, and load shifting as 

primary categories of DR. He reviews demand response programs with incentive-based and price-

based applications. Furthermore, he points out that game theory-based optimization methods have 

the potential of addressing both the utility and consumers.  

In addition, [25] used mixed-integer linear programming to optimize the aggregator and 

user consumption by applying constraints. This system is using user consumption data to make 

commands to smart controllers. [26] has used mixed-integer non-linear programming (MINLP) to 

do electrical load scheduling for residence. Appliance scheduling decisions were proposed to solve 
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the MINLP problem solely with low computational complexity. Using the consumer requests at 

the start of the day, aggregator makes the rescheduling of loads.  

2.2   Wholesale markets and lowering unit cost  

Day-ahead load shifting techniques were proposed and discussed for the development of 

DR [27, 28, 29] Reducing the price elasticity and apply that benefits with bidding systems are one 

way of making profits from day-ahead price responsive models [28]. Moreover, the utility provider 

can benefit by avoiding an ambiguous situation with electrical unit cost, consumer behaviors, and 

get an accurate spot price for a unit [30]. 

R-DR methods proposed with price-responsive and demand-side bidding options to 

provide incentives, and penalties to customers depend on their projected load requests. Power cut 

methods and time cut ways used to reduce the peak loads and create customer engagement 

incentive plans [31]. Households are communicating with the cloud server, MySQL database, and 

energy management system using Raspberry-Pi IP based system to control the residential loads. A 

reward-based DR method is proposed [32] by using less expensive sources. Customer rewards 

were introduced to calculate using load shifting amount and voltage improvement. Paper [33] 

proposes a DR program that will decrease the peak load demand by shifting the loads to smooth 

the load curve and offering incentives. This paper suggests a two-way digital communication 

system for smart grids.  

Energy trading games played between utilities with regards to the consumer load shifting 

can maximize the consumption level benefits for both the service and consumer [34].   

2.3   Game-Theoretic Approaches for DR 

Paper [35] gives an overall idea of how game theory concept can be to analyze the 

interaction problems among the decision-makers. Various researchers have a variety of purposes 
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or problem scopes to adopt game theory in the smart grid. Paper [36] presents a game-theoretic 

approach of the decision process for loads and individual sources to small scale and dc power 

systems. As the game theory, decision-makers are the ones who participate or play the game. And 

they know that the decisions and actions they take at the process of game influence each other. So, 

using game theory, researches target to get the perfect outcome from the relevant issues in the 

smart grid by assuming that the players who participate in the gameplay with proper knowledge 

about the process. Papers [37] and [35] say that game theory present a prosperous mathematical 

foundation and the model of equilibrium in a multiplayer game and explain its applications in some 

complex systems in power grids. Author of paper [38]  has modeled a system with few renewable 

generators. Renewable generators try to reduce the system losses by reducing the peak to average 

ratio. Three-phase shunt capacitor control is also used to control the injecting power to the system. 

Two system operators play to gain the most payoff. They play by turning on and off their shunt 

capacitors to optimize the reduction of energy loss. The author has developed the traditional best 

response method to the correlated equilibrium.  

2.4  Benefit of Relative Weight Values 

Many numbers of papers have been trying to provide demand response solutions by shifting 

residential loads. But in most of the situation, load shifting will move the load peak to a different 

hour, and it will create a new peak load hour. During the peak consumption periods, power 

generation utilities need to generate large amounts of energy or must buy from other resources. 

Fulfilling peak loads by creating extra is expensive because the generators need to turn on and off 

after few hours once the peak demand goes out. If they are buying from other resources, it will be 

more expensive when they buy from the real-time market. In order to tackle this issue, this thesis 

suggests a solution based on a cooperative game theory method.  
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There have been several papers focused on using different ways of using a weighted value 

to optimize the load demands. Weight-based systems can be used to control the load distribution 

on geographical areas [39] or predict load requirements for distribution and transmission in a given 

weather in each geological area [40]. After identifying the load needs distribution facility can 

utilize battery storage system’s bar levels to provide additional power or store excess energy [41]. 

2.5  Indoor Heating Management 

In residential houses, heating/cooling is the most energy-consuming activity. This activity 

is not shiftable but can be reduced and maintain in a comfortable level. Paper [42] proposed a new 

adaptive comfort stand (ACS) for ASHRAE standard 55, Thermal Environmental Conditions. This 

paper presents the findings of comfortable indoor temperature levels. According to the proposed 

ACS, comfortable indoor temperature can be calculated, as mentioned in equation (2.1).   

       𝑇𝑐𝑜𝑚𝑓 = 0.31 ∗  𝑇𝑜𝑢𝑡𝑑𝑜𝑜𝑟 + 17.8  (deg 𝐶)             (2.1) 

Using their findings, authors of [42] says that thermal sensation of 𝑇𝑐𝑜𝑚𝑓 
+
−

5 °𝐶 is the comfort 

zone for 90% of customers. And the thermal sensation of 𝑇𝑐𝑜𝑚𝑓 
+
−

7 °𝐶 is the comfort zone for 

80% of the customers.   
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CHAPTER 3  
 

RESIDENTIAL LOAD SCHEDULING ALGORITHM   

 

 

This thesis suggests an energy consumption optimization to benefit both consumers and 

the utility by proposing two-stage peak reduction options. In the first stage, appliance loads are 

shifted to a low demand hour using weighted number. In phase two, the user is promoted to reduce 

the hourly load by changing the settings on the indoor thermal system. In here, the users will 

provide a day ahead usage limits. This mechanism shows a bidirectional digital communication 

system for the smart grid.  

3.1   Load Scheduling  

The proposed methodology considers that each house has an energy management system 

(EMS) which can be directly used by the consumer. EMS does the appliance scheduling with 

regards to load requirement priorities, hourly load maximum/minimum limits, and hourly energy 

prices. The expectation is that all the participating appliances will perform sequentially, and no 

interruptions will happen.  

Some home appliances such as Water Heater, Air Conditioner / Heater, and so on 

considered as appliances with reducible loads. The consumer can control such appliances by giving 

power interruptions. Devices with shiftable loads such as Electrical Vehicles, Dishwasher, Clothes 

Washer, Clothes Dryer can control by giving time interruptions. Refrigerator, Electrical cooker, 

Oven, …etc., are considered as appliances with non-shiftable loads, and the consumer cannot 

control those appliances by giving breaks. Figure 2 provides an overview of how consumer does 

appliance scheduling with the EMS. 

EMS has a decision variable of ON and OFF. When the consumer requests a non-shiftable 

appliance, it generally turns on. If the consumer requests a shiftable load, EMS will decide the best 
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time to turn it on. Each home has a set of appliances with shiftable loads denoted by A = {1,2, 

3..i,..a}. A selected appliance consumes the amount of energy in the time slot of ‘h.’ is measured 

in kW. This signal can be either 0 or 1 in according to the decisions taken from EMS. Rest of 

shiftable loads defined as equation (3.1). 

            𝐿𝑖
ℎ  = 1                                  (3.1) 

This denotes that if appliance 𝑖 is ON, then 𝐿𝑖
ℎ=1 else 𝐿𝑖

ℎ = 0. If any other appliance from A is 

operating, then 𝐿𝐴−𝑖
ℎ = 1 else 𝐿𝐴−𝑖

ℎ = 0. 

 

Figure 2. Appliance scheduling of a residence. 

3.2   Consumer Availability for Peak Clipping  

Hourly loads can divided into three separate sections, and equation (3.2) shows how it sort.   

               𝐸𝑡𝑜𝑡𝑎𝑙 =  𝐸𝑚𝑎𝑥−𝑡𝑒𝑚𝑝 + 𝐸𝑎𝑝𝑝 + 𝐸𝑥                       (3.2) 

In the proposed model, a house will consume 𝐸𝑡𝑜𝑡𝑎𝑙 amount of energy in each hour slot. 𝐸𝑎𝑝𝑝 

consists of both shiftable and non-shiftable loads. 𝐸𝑎𝑝𝑝 will be divided between other appliances 

by the priority of the need. Maximum energy for this house is 𝐸𝑚𝑎𝑥 and minimum is 𝐸𝑚𝑖𝑛. 

𝐸𝑚𝑎𝑥−𝑡𝑒𝑚𝑝 denotes the load allocated for indoor thermal comfort consumption. 𝐸𝑥 is the exceeded 

or extra consumed load amount for that given hour. 𝐸𝑥 is considered to play the game. 
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By considering load availability, LDC makes decisions on load shifting and setting thermal 

comfort levels by communicating with the EMS of each resident of the neighborhood. Figure 3 

shows an overview of how LDC and EMS make decisions of load scheduling of residences. 

  

Figure 3. Appliance scheduling of multiple residences. 

Once the load consumption for the neighborhood calculated, that information passed to the LDC. 

LDC lists the consumers by the over-limit consumption levels and pass that information back to 

residential EMS. EMS will do the load scheduling as required. For the situations with consumers 

need to calculate the weight value that will be performed by the EMS and consider when shifting 

the loads. Additional load reaction needs can achieved by adjusting indoor thermal comfort. Figure 

4 shows the flow chart of this process. 

Load Distribution 
Center (LDC) 

Residential 

 Consumer Hourly predicted loads 

    EMS 

Appliance load 

consumption data 
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Figure 4. Single user load scheduling algorithm. Flow Chart of multiple user load scheduling. 

 

𝑂𝑏𝑡𝑎𝑖𝑛 𝑑𝑎𝑦 𝑎ℎ𝑒𝑎𝑑 𝑝𝑟𝑖𝑐𝑒𝑠 𝑎𝑛𝑑  

ℎ𝑜𝑢𝑟𝑙𝑦 𝑎𝑝𝑝𝑙𝑖𝑎𝑛𝑐𝑒 𝑙𝑜𝑎𝑑 𝑟𝑒𝑞𝑢𝑒𝑠𝑡𝑠 

𝐶𝑎𝑙𝑐𝑢𝑙𝑎𝑡𝑒 𝑡ℎ𝑒 ℎ𝑜𝑢𝑟𝑙𝑦 𝑙𝑜𝑎𝑑  

𝑟𝑒𝑞𝑢𝑖𝑟𝑒𝑚𝑒𝑛𝑡𝑠  

𝐿𝑜𝑎𝑑 𝑙𝑖𝑚𝑖𝑡  

𝑣𝑖𝑜𝑙𝑎𝑡𝑖𝑜𝑛 

𝐾𝑒𝑒𝑝 𝑡ℎ𝑒 

 𝑠𝑐ℎ𝑒𝑑𝑢𝑙𝑒 

𝑊𝑒𝑖𝑔ℎ𝑡 𝑡ℎ𝑒 ℎ𝑜𝑢𝑟𝑠 𝑏𝑦 𝑎𝑣𝑎𝑖𝑙𝑎𝑏𝑖𝑙𝑖𝑡𝑦 𝑎𝑛𝑑 𝑐𝑜𝑠𝑡 

 

𝑆ℎ𝑖𝑓𝑡 𝑡ℎ𝑒 𝑙𝑜𝑎𝑑𝑠 𝑟𝑒𝑑𝑢𝑐𝑒  

𝑙𝑜𝑎𝑑 𝑣𝑎𝑟𝑖𝑎𝑡𝑖𝑜𝑛 

𝐶𝑜𝑛𝑡𝑟𝑜𝑙  𝑖𝑛𝑑𝑜𝑜𝑟 𝑡ℎ𝑒𝑟𝑚𝑎𝑙  

𝑠𝑒𝑡𝑡𝑖𝑛𝑔𝑠 𝑡𝑜 𝑟𝑒𝑑𝑢𝑐𝑒 𝑙𝑜𝑎𝑑 

𝑊𝑖𝑡ℎ𝑖𝑛 𝑙𝑜𝑎𝑑 𝑙𝑖𝑚𝑖𝑡 
𝑈𝑝𝑑𝑎𝑡𝑒 𝑡ℎ𝑒 

 𝑠𝑐ℎ𝑒𝑑𝑢𝑙𝑒 

𝑁𝑜 

𝑌𝑒𝑠 

𝑁𝑜 

𝑌𝑒𝑠 
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3.3  Load Availability Calculation  

Every member must co-operate to achieve the goal of low consumption levels. If any player 

or multiple players consume more energy at a given hour, everyone will lose the benefit. Using 

the load demand at a given hour (𝐿𝑑
ℎ  kW) and pre-defined load limit (𝐿𝑚

ℎ  kW). We can calculate 

the available load after consumed in the hour with load shifting = 𝐿𝑎
ℎ  kW as equation (3.3). 

           𝐿𝑎
ℎ  =  𝐿𝑑

ℎ  −  𝐿𝑚
ℎ           (3.3) 

Upon the 𝐿𝑎
ℎ  value being positive, negative, or zero, we categorize possible scenarios into three 

scenarios. 

• Scenario 1 

We call scenario one as the Void Load Scenario. This situation does not need any weighted 

calculation to shift the load. None of the two hours have the availability or need. There will be no 

load shifting required. 

   𝐿𝑎
𝑖  = 0          (3.4) 

• Scenario 2 

Scenario two is the Equal Load Scenario, which does not have any requests or demands to 

change any loads. We consider two hours as 𝑖, 𝑗. Hour 𝑖 has positive availability, and hour 𝑗 has 

negative availability. Shifting the load to the exactly matching availability slot. 

     𝐿𝑎
𝑖  =  𝐿𝑑

𝑗
          (3.5) 

• Scenario 3 

Scenario three is the Weighted Load Scenario, which has a complex load situation with a 

need for optimized load shifting. Before shifting loads, we need to select which hour slot we are 

going to use as the best selection. For that, we use the 𝐿𝑎
ℎ  value from above equation ( 𝐿𝑎

ℎ  =  𝐿𝑑
ℎ  −

 𝐿𝑚
ℎ  ). 
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For the hour slot h, 

𝐿𝑎
ℎ  <  0, there is availability for loads to move. We call these hour slots Lneg 

𝐿𝑎
ℎ  >  0, there is high load demand. These are called Lpos hour slots. 

So, we need to shift loads from those hours. (+) 𝑖 set of hours have availability positive. (-

) 𝑗 set of hours have availability negative. Try to fill the (-) 𝑗 hours with the (+) 𝑖 hours to even the 

load demand. 

Every hour with load availability will get a weighted value 𝝍(𝒉𝒂). 𝝍(𝒉𝒂) need to be 

calculated using the weight-based method. Weight will calculated with regards to the availability 

and hourly price.  

3.4  Relative Weight Value Calculation   

We consider a scenario with 𝑁 number of hours sets for a given period. 𝑁 = {1, 2, . . . , 𝑛} 

is a vector of 𝑛 numbers, and 𝑛  is the foundation of load consumption system, which can evaluate 

on the utility-scale. Every hour slot is a protected product to play the game. Within this given 

number of hour slots, we consider load shifting available slots (𝑆) as a subset of 𝑁.   

𝑆 ∈ 𝑁           (3.6) 

Any hour that is not available to accept loads will calculated as 𝑈. These 𝑈 hours will calculated 

null hours.  

         𝑁 − 𝑆 = 𝑈          (3.7) 

𝑈 ∈ 𝑁           (3.8) 

When we calculate the weighted number, we consider both 𝑆 and 𝑈 set of hours. Since all the 

hours fall into 𝑈 set, are symmetric. Any 𝑖 or 𝑗 hour slot in 𝑈 set will have the same weighted value 

(𝜙𝑖 𝑜𝑟 𝑗(𝜐𝑠)) for needed load ′𝜐′. 

𝜙𝑖(𝜐𝑈)  =  𝜙𝑗(𝜐𝑈)  =  0         (3.9) 
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For the hours fall into 𝑆 subset   

𝜐(𝑆) =  𝜐(𝑁 ∩ 𝑈)        (3.10) 

All the hours in 𝑆 subset will have linearly independent load availability. So, the 𝑖𝑡ℎ hour load 

availability can define as 𝜐𝑖 and that hour electricity unit cost will be assigned as $𝑖. Total load 

cost 𝜏 can present as in equation (3.11). 

𝜏 = $1(𝜐1) + $2(𝜐2)+. . . +$𝑖(𝜐𝑖)+. . . +$𝑛(𝜐𝑛) 

𝜏 = ∑ $𝑗(𝜐𝑗)𝑛
𝑗=1         (3.11) 

For a given hour slot, the marginal contribution can be calculated by checking that hour being 

available or not for the set. 

If 𝑖 is a given hour in 𝑆 hour set, we can check marginal contribution change for the load reduction. 

We can redefine 𝜏′ being without the presence of 𝑖𝑡ℎ hour. 

𝜏′ = 𝜏 − $𝑖(𝜐𝑖)        (3.12) 

𝑖𝑡ℎ hour used vs. not used for shifting a load is evaluated and given the relative value to find out 

how much change it will make with load demand.  

Without 𝑖𝑡ℎ slot there are 𝑃𝑖
′ the amount of contribution availability calculated.    

                                                                        𝑃𝑖
′ =

(𝑆−1)!

((𝑛!)/(𝑛−𝑆)!)
                                                              (3.13)  

Using the load cost and contribution availability we can present the weighted value 𝜙𝑖 for 𝑖𝑡ℎ hour, 

 

                                                    𝜙𝑖 = 𝑃𝑖
′ × |𝜏′|        (3.14) 
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CHAPTER 4  
 

LOAD CONSUMPTION ANALYSIS 

 

 

4.1  Individual Load Availability Variations   

As per the methodology, there’s a Load Distribution Center (LDC) for each neighborhood. 

LDC will check for the hourly load limit violations of the neighborhood. Then, it will make 

decisions based on the following load availability scenarios, 

1) Consumers do not have any over the limit consumption hours (Type ‘AA’). 

2) Consumers do have both over the limit consumption hours and lower limit consumption 

hours (Type ‘BB’).  

3) Consumers do have over the limit consumption hours and do not have lower limit 

consumption hours (Type ‘CC’).  

The following graphs shows the hourly load curves for each house. All the calculations 

based on the limit of 5.0 kW per hour. Below is the chart for 24-hour load sum for ten consumers. 

Each user has a predicted load demand curve and a shifted load demand curve.   For a given 

consumer, we can graph the 10-day load consumption as shown in Figure 5. 

 

Figure 5. Single User Load Profile for 10 days. 
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4.2  Marginal Contribution for Hour   

We consider all the hours with availability to evaluate the marginal contribution for a given 

hour for a given date. At the initial step, day-ahead data was collected for a single user for a given 

date and obtained day ahead electricity unit price for each hour slot. This information was used 

and first calculated the load availability for each hour slot after reducing the chosen load limit of 

5kW. By considering load availability for each hour, the weighted value calculated in Table 1. 

TABLE 1 

WEIGHT VALUE TABLE 

Hour Load Availability Hourly Unit price Weighted Value (1027) 

1 1.55327039546875 1.22002756238125 9.88806459622033 

2 1.46445034468750 2.60000000000000 9.97148803031754 

3 1.68489491003750 2.40000000000000 9.76443745437433 

4 1.67052126275625 2.40000000000000 9.77793777334687 

5 1.55327039546875 2.30000000000000 9.88806459622033 

6 1.24017149858750 2.40000000000000 10.1821399199804 

7 0.0917522975937501 2.30000000000000 11.2607823288439 

8 0 2.40000000000000 11.3469598493953 

9 0 2.50000000000000 11.3469598493953 

10 0 2.50000000000000 11.3469598493953 

11 0 2.40000000000000 11.3469598493953 

12 0.371677972762500 2.40000000000000 10.9978646553102 

13 0.448501603112500 2.40000000000000 10.9257087512408 

14 0.439236414431250 2.40000000000000 10.9344109964044 
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TABLE 1 (continued) 

Hour Load Availability Hourly Unit price Weighted Value (1027) 

15 0.230888268218750 2.30000000000000 11.1301001194341 

16 0.0203393772374998 2.40000000000000 11.3278562722005 

17 0 3.10000000000000 11.3469598493953 

18 0 3 11.3469598493953 

19 0 2.70000000000000 11.3469598493953 

20 0 2.50000000000000 11.3469598493953 

21 0 2.50000000000000 11.3469598493953 

22 0 2.50000000000000 11.3469598493953 

23 0.0919862221562502 2.40000000000000 11.2605626173019 

24 1.22002756238125 2.50000000000000 10.2010599309439 

 

Most efficient hour slots will have the least value and least efficient hour slot will have the highest 

weighted value. Above calculated weight, values have considered and move the loads accordingly 

to lower demand hour slots. Figure 6 shows row and shifted loads with regards to the weight value.   
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Figure 6. Raw and Shifted loads with regards to weight value. 

4.3  Marginal Demand Reduction   

Demand reduction the difference between the predicted day ahead load and proposed load 

calculated using weighted value. Marginal Demand Reduction (MDR) can be defined as in 

equation (4.1). 

                                                          𝛥𝐿,𝑖  =  𝐿𝐷𝐿,𝑖  −  𝐿𝑃𝐿,𝑖                                               (4.1) 

Where, 𝛥𝐿,𝑖  is the demand difference on event day, while 𝐿𝐷𝐿,𝑖 denotes day ahead load and 𝐿𝑃𝐿,𝑖 

proposed load. For the previously selected consumer on event day, MDR calculated and shown in 

Figure 7. 
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Figure 7. MR Values for a single user in given day. 

In this work, High Demand Hours (HDH) considered as 7 am to 11 am early in the day and 4 pm 

to 10 pm in the nighttime. Hours between 11 am and 4 pm and hours after 10 pm and 7 am are 

considered Moderate Demand Hours (MDH). Calculated load reductions shown in Table 2.   

                                   𝑅𝑒𝑑𝑢𝑐𝑡𝑖𝑜𝑛 𝑖𝑛 𝐿𝑜𝑎𝑑 (%)  =  
𝑇𝑜𝑡𝑎𝑙 𝑅𝑒𝑑𝑢𝑐𝑡𝑖𝑜𝑛

𝑇𝑜𝑡𝑎𝑙 𝐿𝑜𝑎𝑑
 𝑥 100%                            (4.2) 

TABLE 2  

MARGINAL REDUCTION FOR PEAK AND OFF-PEAK TIMES 

Selection of Hours Reduction in Load (%) Reduction in Consumption Cost ($) 

HDH 9.4732 -16.04 

MDH 6.7908 0.12315 
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According to the results, load shifting with regards to weighted value method is feasible and 

applied to this work. 

4.4  Appliance Load Consumption Elasticity   

For a selected appliance which was supposed to use in the highly demanded hour is now 

proposed to be started on a low demand time slot. Due to this movement, the peak load need has 

reduced. We can define this reduction as 𝛥𝑅𝑈𝐶 (Relative Usage Change). Since this load has 

moved to a low demand hour slot, the cost of using this appliance has also reduced. The difference 

between the two-time slot unit cost calculated as ∆𝑅𝑃𝐶 (Relative Price Change). Load 

Consumption Elasticity (LCE) can be defined as in equation (4.3). 

                                                                  𝐿𝐶𝐸 =  
𝛥𝑅𝑈𝐶

∆𝑅𝑃𝐶
                                                            (4.3) 

𝛥𝑅𝑈𝐶 can be considered with regards to Reduction in Predicted Load (RPL) or Increase in 

Proposed Load (IPL). Calculated values are showing in Table 3. 

TABLE 3 

LOAD CONSUMPTION ELASTICITY REGARDS TO CHANGE IN LOAD 

Time Slot Set Load Amount Change LCE 

3 & 19 1.6628 5.5426 

5 & 10 1.438 4.1900 

 

4.5  Marginal Contribution for User 

Single user profile weighted values were calculated separately for a given day for ten 

consumers. Then the calculated weight values were applied to 10 consumers for the same day 

and shifted the loads according. Figure 8 shows results in load profiles.  
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Figure 8. Load Shifting for ten consumers. 
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CHAPTER 5  
 

CONCLUSION AND FUTURE WORK 

 

 

5.1  Conclusion 

While many proposals were coming to optimize demand response, this paper proposes 

appliance scheduling using weighted value for consumption periods. This study load shifting for 

ten households were simulated using MATLAB/Simulink to analyze peak load shifting. We have 

used a weighting system based on game theory. Results prove that using the weighted system, and 

the proposed method can reduce the demand variation of peak and off-peak hours by shifting the 

loads to off-peak hours. With the change in indoor cooling and heating systems, consumers can 

achieve better goals and can benefited from the utility. Shifted loads evaluated by calculating 

Marginal Demand Reduction and Appliance Load Consumption Elasticity for each scenario.  

5.2  Future Work 

For the future work, we can apply game theory concepts to small energy markets, the 

market power of transmission congestion, apply to bid to transmission lines and generations. In 

this, individual loads will shift into one hour at a time. As for future work, this method can be 

developed to shift an individual load into multiple hours with different weight values.  

Demand for a given appliance is a large load (LL). None of the hours have the availability 

large enough to fit the LL amount. Two or more hours will join to share the LL. The weight-based 

method can be implemented to select the most convenient multiple hours set to shift the LL. 

Proposed idea is shown in Figure 9.    
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Figure 9.  Load Sharing with Multiple hours. 

Given load 𝑋kW can be moved to hour ℎ𝑎 or ℎ𝑏 or ℎ𝑐 or a combination of ℎ𝑎 , ℎ𝑏 , ℎ𝑐 . Each 

shifting will give a weighted value. The lowest weighted value will be low-cost value, and the load 

will shifted to that hour.  
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