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Abstract 
 
We modeled the problem of peak hours day-ahead order for smart grid companies integrating 

renewable energy and power storage systems. This results in optimizing day-ahead order, battery 

storage size, and consequently lowering the use of fossil fuels and emissions. The utility-scale 

power storage can balance the difference between the day-ahead forecasts and real-time 

consumer demand through energy arbitrage and transmission deferral for peaking capacity. We 

define system parameters and their associated costs and run a suggested algorithm to minimize 

the grid operating cost by optimizing day-ahead order amount and battery storage capacity. The 

model is designed to prioritize and take power resources depending on their availability and 

associated costs in real-time. The resources include day-ahead reserve, wind power, utility-scale 

storage system, and two-stage real-time power, which can be adjusted by users based on their 

available resources. Multiple comparisons on a finite feasible set of discrete decision variables 

through simulation optimization provide us with the optimal day-ahead order and battery size. 

Furthermore, the model will be tested and validated based on data provided by the U.S Energy 

Information Association. The model can be used by grid operators to evaluate their potential 

savings, can be used by energy regulatory agencies for simulating and examining their rules and 

policies, and can be used by state and local air pollution control agencies to evaluate the impact 

of different energy resources such as batteries on power generation. 

 

Keywords: Battery modeling, Simulation optimization, Grid systems, Lithium-ion battery, 

Renewable energies, Polynomial regression 
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Chapter 1 

Introduction 

 

1.1 Background 

The concept of renewable and sustainable energy systems is a key issue in global policies. These 

policies promote the transition from fossil fuels to environmentally friendly renewable energies 

such as wind power, solar energy, and fuel cells (Foster et al., 2017). Global efforts to enhance 

renewable and sustainable energy, including energy management, focus on reducing 

dependency on fossil fuels to reduce the adverse environmental effects associated with fossil 

fuels (Esfahani et al., 2015; Hwangbo et al., 2018). The U.S. Department of Energy report 

evaluates the feasibility of renewable energies to generate 20% of the nation’s electricity 

demand by 2030. These goals require as a prerequisite a transmission infrastructure 

enhancement and reliably incorporates renewable energy systems (U.S. Department of Energy, 

2008). 

United States Federal Energy Regulatory Commission passed order No. 841 in 2018 that 

requires energy market operators in their jurisdiction to allow storage resources to be utilized as 

a capacity source. This is an additional welcome to international rules on reducing greenhouse 

gas emission caused by traditional power generation methods. Considering these rules require a 

methodology that grid companies utilize to stabilize power generation, optimize day-ahead 

orders, and minimize the real-time balancing orders. 

The stakeholders involved in this domain work on a competitive basis, still under governmental 

and states regulations. The governmental policies exist to administer and align the activities with 

public welfare in mind. Stakeholders in the power generation and distribution supply chain are 

diverse and include power generators (natural gas, coal, wind energy, sunshine, and others), as 

well as stakeholders raising funds for power-related projects. The electricity market consists of 

retail and wholesale, which are mainly connected through grid systems. Retail markets distribute 

electricity to consumers, and wholesalers trade power before distribution to consumers. In some 
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regions, the Federal Energy Regulatory Commission determines the wholesale prices based on 

market rates or cost-based rates. The factors that affect power price are fuel costs, capital costs, 

and resources utilized for power generation. Change in demand also affects the price as well. For 

example, peak hours require instant power generation, which is more expensive (Federal Energy 

Regulatory, 2020). 

1.2 Problem Statement 

Humans have had an unprecedented impact on global warming, and the main reason is the 

emission caused by the burning of fossil fuels for energy consumption. Long-term 

decarbonization provisions highlight the power industry as the primary industry that needs to 

reduce its carbon footprint. This immediate need highlights renewable energies and battery 

storage as sustainable solutions. The complexity of the problem is that both renewable energy 

and electricity demand are uncertain.  

Day-ahead electricity order is an important element in the power industry. Grid systems place 

their day-ahead electricity order for the next 24 hours based on supply and demand estimates. 

Further real-time power is available at a higher overall price and emission. Real-time generation 

usually involves gas turbines, which are expensive and produce greenhouse gas emissions. 

Hence, predictive models and new technologies such as utility-scale battery are required to 

reduce the dependency on real-time electricity. The lack of specific models that include all key 

parameters and their ability to consider various scenarios is causing inconsistency in how day-

ahead orders are placed. The development of such a model can give an insight to grid companies 

on how to integrate renewable energies and how to deploy utility-scale batteries. In addition, it 

can provide the grid companies the ability to assign a cost to each power source and understand 

the cost portfolio.  

This dissertation addresses day-ahead order and the appropriate battery size to address the gap 

between conflicting regulatory rules and cost considerations. The model allows the necessary 

flexibility to be adopted by different grid companies. Grid companies can optimize costs based 

on the company’s specific cost allocation, their day-ahead policy, and the size of the battery. 
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Specifically, the grid companies can make decisions regarding the value of integrating a battery 

and, if so, the most appropriate battery size.  

1.3 Research Context 

The model predicts demand and places optimum day-ahead orders for smart grid companies 

utilizing a battery storage system. This becomes a complex issue when considering the 

uncertainties associated with peak-hour electricity demand. However, the benefits are lowering 

fossil fuel usage without any negative cost implications. The primary objective of this work is as 

follows: 

• Making a relation between the dependent variable (demand) and the independent 

variable (time) to predict the day-ahead electricity demand. This prediction considers 

both the previous years and the previous day demand for a more precise estimate. 

• A mathematical model is developed that can include and exclude available power 

resources to match the real-time supply and predicted demand at its lowest cost. This 

considers every potential scenario and helps grid companies calculate the benefits of 

integrating utility-scale storage systems. Also, it allows grid systems to choose/optimize 

the battery capacity (if there are different capacity options). 

• Finally, we take Tennessee Valley Authority (TVA) to verify the model within a case study. 

The model is adjustable and adaptable to other grid companies depending on their inputs 

and system characteristics. 

 

Grid operators can also use the objectives mentioned above to evaluate their potential savings, 

can be used by energy regulatory agencies for simulating and examining their rules and policies, 

and can be used by state and local air pollution control agencies to evaluate the impact of 

different energy resources such as batteries on power generation.  
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1.4 Scope and Limitation 

This study investigates the possibility of implementing utility-scale storage for grid systems 

integrated with renewable energies and fluctuant demand during peak hours. The presented 

approach and methodology can be used for any grid with similar procedures. The challenge was 

originated by Federal Energy Regulatory Commission to enforce grid companies on adding 

batteries as a capacity source to minimize the real-time power generation through low efficient 

natural gas, which is costly and causes emissions. Also, batteries can provide the grid system with 

benefits such as energy arbitrage and ancillary services. Given that grid companies know their 

resources and their associated costs, and information related to batteries such as levelized cost 

and life span are easier to access than before, a solution can be reached. Furthermore, the 

solution helps them to evaluate the cost/benefit associated with battery deployment. 

The limitation of this study is that the detailed costs of all involved resources and system 

players need to be available for exact results. We have made some assumptions on transmission 

efficiency and overall costs for each power resource based on the literature review, which may 

cause minor errors. More in-depth cost evaluation can be done by individual users who want to 

adopt the model with their own procedures.  

1.5 Approach 

The selected approach in this dissertation is classified into two tasks Mathematical Modeling of 

a problem and the Simulation Optimization approach. This will be summarized in the following 

subsections and will be more discussed in Chapter 3. 

1.6  Mathematical Modeling 

We consider a regular grid system consisting of six major power inputs and outputs. The five 

power inputs are day-ahead order, wind power, storage system, real-time order, and real-time 

penalty-added order. Also, there is a power output, which is the real-time consumer demand. 

Next step, we define system parameters for all these involved resources (inputs and output) to 
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make a cost function that calculates system cost for all potential scenarios. The real-time scenario 

happens through transition functions that automatically include or exclude involved resources in 

real-time depending on consumer demand. 

It is important to note that resources are prioritized and utilized based on their costs. The 

system automatically and dynamically utilizes the cheaper source and adds the next available 

cheaper source to maintain the supply-demand balance steadily. Involving a source means 

adding its cost into the cost function and excluding a source means removing its cost from the 

cost function. Various scenarios may happen in real-time depending on supply-demand balance 

due to uncertainty involve with real-time demand. 

1.6.1 Optimization 
 

According to the previous sections, the problem is minimizing the overall cost of the grid system 

during the peak hours. We have designed transition algorithms for storage system and grid 

system during different supply-demand scenarios and finally merged the algorithms to build the 

cost function. The model constraints are designed in a way to prioritize the cheapest available 

power resources to match the supply and demand. Each scenario happens depending on real-

time demand, and it considers its involved energy resources and their associated costs. With this, 

each scenario includes/excludes some resources and their costs. Below are the scenarios that 

may happen for the grid system in terms of supply-demand (detailed information presented in 

Chapter 3). 

 

1) Day-ahead order + Renewable energy production exceeds the demand; then we store the 

excess electricity. (In case demand and supply are equal, the battery level does not 

change) 

2) Day-ahead order + renewable production falls under demand; we discharge the storage 

system to meet the demand. 

3) Day-ahead order + renewable production falls under demand, and the storage system is 

emptied: grid system orders up to 1000MWh real-time power without emission penalty. 
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4) Day-ahead order + renewable production falls under demand, the storage system is 

emptied, and 1000MWh emission penalty-free real-time power is used: penalty included 

real-time order adds in this scenario. 

 

Furthermore, the optimization is based on multiple comparisons on a finite feasible set of 

discrete decision variables. Final outcomes minimize the overall cost and carbon footprint of the 

grid through day-ahead order and battery size optimization. On the other side, regulatory 

agencies could use the model for decision-making purposes and customize the regulations for 

grid companies depending on region and grid resources.  

1.7 Industry Overview 

Electric power plays a vital role in the industry, and all the economic sectors and infrastructures 

are downstream dependents of electric power. Power generation and supply were used to be 

limited to urban districts through local power plants and with direct current (DC) circuits. With 

the increase in demand, the industry adapted its structure by alternating current (AC) generation, 

different voltages, and new distribution methods. Therefore, cutting-edge technologies and new 

policies are taking place in this industry as demand increases and spreads geographically. 

Although smart grids and new technologies have improved the reliability and efficiency of the 

electricity supply chain (Figure 1.1), it requires new business models, updated operation 

methods, and regulatory structures. All parties involved, including federal, state, and private 

sectors, play a vital role in supporting the delivery of reliable and environmentally friendly power 

at its lowest price.  

As demand increased through the years, Direct Current (DC) circuits were replaced with 

Alternation Current (AC) circuits to lower the generation, operation, and supply costs. The first 

AC power station in the United States was built north at Niagara for long-distance purposes. This 

generation method later outpaced the DC circuits and extended through all the states as a robust 

generation method.  
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Figure 1.1: Electricity Supply Chain. 
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With the continuing increase of power demand on one side and the development of 

environment-friendly power generation methods, the US power section is influenced by federal, 

state, and philanthropic rules. The state and federal agencies are responsible for ensuring that 

power infrastructure is reliable by considering the vulnerability of power generation and 

transmission and by implementing regulatory and ownership rules on both structures and utility 

companies. 

Federal Energy Regulatory Commission was established in 1977 and plays a significant role in 

implementing Department of Energy policies under the federal power act within the U.S. and the 

availability of energy resources such as natural gas and oil. These regulatory rules include utility 

companies that generate, transmit, and distribute power to final consumers. The decisions by 

this commission can only be questioned by U.S. Federal Courts, and there is no other organization 

or person has the right to override their decisions. According to the report by the United States 

Office of Electricity Delivery and Energy Reliability (2015), the Federal Energy Regulatory 

Commission (FERC) has the following responsibilities: 

• Reviews the electric companies' profit and restrict the potential concessions 

• Reviews the wholesale prices within the nation 

• Reviews the contracts related to the transmission project   

• Hydroelectricity projects inspection 

• Energy market monitoring 

• Enforcing the rules by imposing civil penalties 

• Inspection of financial reports and conduct of regulated companies. 

Federal Energy Regulatory Commission (FERC) designed North America Electric Reliability 

Corporation (NERC) as a non-profit agency to evaluate the reliability of bulk power systems within 

North America. The jurisdiction area includes the United States, Canada, Mexico, and all 

operators, owners, and users are under NERC supervision. As a governmental agency, NERC has 

the power to regulate, audit power companies, and levy fines for non-compliance in the electric 

market according to standards set by FERC. NERC responsibilities are including of: 

• Enforcing reliability codes 
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• Evaluating short-term and long-term reliability standards 

• Evaluating power system through system awareness 

• Training and certifying industry personnel 

Federal Energy Regulatory (FERC) designed Regional Transmission Organizations (RTO) and 

Independent System Operators (ISO) for regional administration within the United States. ISOs 

are responsible for operating the region’s electricity grid, the region’s wholesale electricity 

market, and ensuring the reliability of the region’s electricity system. RTOs have similar duties to 

ISOs, such as controlling and monitoring the operation of bulk systems and controlling the 

transmission networks within their region. Both the RTOs and ISOs are involved in ensuring the 

full functionality of the infrastructure. There are some areas without active RTO and ISO; 

however, electric utilities perform the same responsibilities to meet NERC and FERC reliability 

standards. 

Besides the federal responsibilities on regulatory rules, States have regulatory agencies with 

different agendas to regulate the electric industry. We can categorize them as the State Public 

Service Commission and the State Department of Environmental Protection. The State Public 

Service Commission regulates the electric service rates, evaluates the economic and 

environmental impact of utility operations, and protects the public’s safety and interest. They 

also perform maintenance of assets and facility inspections. On the other side, the State 

Department of Environmental Protection ensures public safety by evaluating the state’s air, land, 

and water resources. In addition, they inspect pollutant assets throughout the state and 

implement an emission-related standards set by state and federal. 

Utility companies provide the public with the services such as electric power generation, 

transmission, and distribution. There are more than 3,300 of them are operating within the 

United States, serving about 150 million subscribers. According to the U.S. Department of Energy 

Office of Electricity Delivery and Energy Reliability and depending on ownership and interest, 

they are categorized as: 
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• Investor-Owned Utilities: These companies are established by stakeholders for profit. 

Their operations and interests are monitored by Federal and State Regulatory 

Commissions. 

• Public Power Utilities: They are usually established in the cities and counties they serve. 

They are owned and regulated by their local governments and work as non-profit 

companies. 

• Cooperatives: They are usually established in small towns by a board of directors and are 

categorized as non-profit companies. 

• Federal Power Programs: They are four large wholesale companies that provide services 

such as generation and transmission to smaller utility companies. 

• Independent Power Producers: They are private companies with their own generation 

facilities and sell power to other utilities. This includes wind turbines and solar panel 

owners. 

The electricity market ranges from electricity provider to final consumer. This includes 

competitive wholesale market or utility-owned rate-based generation companies ruled by 

federal and state regulations. Depending on state retail competition options or utility company 

ownership, price is determined by specific calculations on end-user fees or average annual costs, 

enforced by federal or state regulatory commissions before utility companies are allowed to 

serve customers. 

1.8 Power Distribution 

The power supply chain and distribution leads to final consumers and is the last chain of the 

electricity supply chain. Power distributions can be linked to high-voltage networks or sub-

transmission networks. Substations decrease high-voltage through power lines and send low-

voltage power to commercial and residential customers. There is local Power distribution 

microgrids that can supply power to final consumers. They do not need to be connected to the 

transmission network; instead, they are located after the transmission network near load 

centers. This system is called a microgrid, and it can generate power independently at the time 
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of outage or peak hours. Microgrids are contained but not limited to diesel or gas generators, 

Energy Resources Management System (ERMS), and fuel cells to reduce peak demand during 

regular grid-connected operation or during a demand response event. They also may include 

wind or solar energy and power storage system. Figure 1.2 is an example of a commercial 

microgrid implemented in the County of Alameda, California. 

1.8.1 Electricity Market 
The electricity market is the final stage, where electricity provider sells electricity to final 

consumers under the state and federal rules. These rules regulate rates for the delivery of 

electricity to end-users through regular distribution wires. The final consumer can be large or 

small businesses or an individual household. Although every state may have a different retail 

competition setting, the electricity is sold through a wholesale market, utility-owned rate-based 

generation, or a combination of them. In states with full retail competition, there is an option for 

customers to choose between different suppliers. Retail suppliers offer various service plans and 

business options, and consumers choose their providers based on those options. 

We will further discuss the retail price (the price end-users pay) is set based on an average of 

annual wholesale market pricing, not the real-time prices. Utility suppliers are not making profits 

at certain times; however, they are committed to supplying power according to regulations. For 

investor-owned utilities, the retail price is regulated by the state regulatory commission. These 

commissions are called Public Utility Commission or Public Service Commission, which is 

responsible regulates the utility’s costs and rate of return. There are also municipally owned 

utility companies that are subject to state regulations; however, they self-regulate their prices. 

They have more freedom to set prices because of being non-profit and not earning a return on 

capital invested. Commissions have two approaches depending on the state retail competition 

system: 

• States with Retail Competition: Commission requires competitive suppliers to be licensed to 

be allowed to serve customers. 

• States without Retail Competition: Commissions place regulations on rate return on capital 

invested of utility companies.  



 12 

 

 

 

 

 

 

 

Figure 1.2: Alameda County Microgrid. 
Source: www.acgov.org 
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1.9 Grid Systems 

Grid systems have responsibility for the transmission and distribution of power. There are four 

major power grids throughout the North America (shown in Figure 1.3). They are called Eastern 

Interconnections, Western interconnections, Texas interconnections, and Quebec 

interconnections. Utility providers in each interconnection are usually tied to normal operation. 

Although demand fluctuates during the day across all regions, the grid has the responsibility to 

balance the power constantly. The transmission system sector sends continuous signals to 

generation facilities and demands for power dispatch. Power plants experience fluctuating 

demand rates during a normal day. It usually increases and stays high during the day until the 

evening time, when businesses experience busy hours and people at home prepare dinner. 

Power plants dispatch base-loading power, which is usually constant and is based on demand 

estimates. 

To meet federal and state requirements, grids must ensure that load-serving entities can 

constantly supply power to meet day-ahead predictions; depending on location, the timing of 

capacity commitments and prices vary. Capacity Markets in regions with RTO and ISO authority 

are set to ensure power availability in both the short and long term. Capacity Markets deal with 

generation resources to lock the price well in advance. Also, during the demand response, they 

ask customers to reduce their demand in exchange for some rewards. These rewards equally 

reduce the grid payments to generation resources. 

As consumption increases during work hours and meets peak hours in the evenings (shown in 

Figure 1.4), peak-power plants come into the circle to meet high fluctuating peak loads. Base-

loading power plants, which usually work with coal or nuclear power, take hours to start 

operation. Peaking power plants usually operate with gas turbines, which gives a fast response 

at a higher operation cost. We consider renewable energies such as wind and solar as base 

loading power since they cannot raise generation in response to peak loads.  
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Figure 1.3: North American Electric Reliability Corporation (NERC). 
Source: www.EIA.gov 
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Figure 1.4: Daily Power Demand (Pattern). 
Source: www.solairgen.com 
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Power transmission lines connect electricity from power plants to local distribution networks. 

This includes structural frames, conductors, cables, circuit brakes, and substations. These 

networks transport power with minimum power losses by boosting voltage at specific points. 

Reactive Power flow is another vital component for stabilizing electricity flowing from power 

plants or utility-scale power storage to load centers. It stabilizes the voltage by supplying 

electricity through static capacitors. The Source of reactive power should be close enough to 

demand centers to minimize resistance during transmission distance. By adding transmission 

capacity utilization, more reactive power is required to stabilize system voltage and eliminate the 

voltage drop at the time utilization is increased. On the other side, at the time voltage drops, 

power cannot be transferred from distant power plants to load centers, and blackouts happen. 

Furthermore, substations are used (for different voltage levels) as critical nodes to link 

transmission lines to end-use customers. They mainly include transformers, protective 

equipment, and switches to control the voltage and monitor the power flow. 

The utility companies must ensure that load-serving entities have enough resources to 

maintain supply-demand balance, including peak hours. This needs a reserve margin to meet 

unexpected high demands or potential loss of a supply resource. Capacity markets may have 

constant or fluctuating prices. Demand response programs can be seen as market prices, where 

consumers adjust their demand for financial benefits. This will be more discussed in Chapter 2 

literature review section. 

1.10 Wind Energy 

Considering government incentives and public pressures on using fossil fuels alternatives, power 

system planners and regulators are convinced to integrate as much as renewable energies with 

the grid systems. Figure 1.5 provides the annual U.S. Department of Energy updates on wind 

electricity generation and its share of total generation between the years 1990-and 2019. It 

indicates the increasing proportion of wind electricity as an alternative to fossil fuels in the 

market.  
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Figure 1.5: Wind Electricity Generation and Share of Total U.S. Electricity Generation, 1990-

2019 (U.S. Energy Information Administration, N.D.).  
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On the other side, state-of-the-art integration methods are required to utilize renewable 

energies and integrate them with the power systems. The traditional power system operation 

methods are insufficient to manage the supply and maintain a smooth wind electricity 

integration. Therefore, updating and developing the generator interconnections and operations 

are necessary to adapt the traditional systems for renewable energy penetration (National 

Renewable Energy Laboratory, 2016). 

According to the wind electricity generation growth shown in Figure 1.5 and the Renewable 

Energy by 2030 report provided by the U.S. Department of Energy (NREL, 2015), achieving the 

2030 scenario requires about 300 gigawatts of renewable generating capacity to meet the 20% 

wind share of total U.S. electricity by 2030. It proves there are affordable and enough accessible 

resources to support the 2030 scenario. No limitation of raw material or financing resources was 

determined, and manufacturing capability was recognized to be possible through the domestic 

industry. The report predicts $2 trillion in investments in generation, transmission, and 

distribution from the early stage in 2007 to the future in 2030. This is also recognized to positively 

impact communities by creating jobs and raising revenues to $2 billion per year in 2030 from 

lease payments from wind farmers and property tax. Most of the measures are desirable from 

the perspective of a clean energy future based on not only an 18% decrease in fossil fuels but 

also a decrease in coal power plants' capacity. Natural gas consumption decreases by 11%, which 

lowers the overall gas price for other purposes, such as the steady demand of industries and 

households. It is also expected to reduce greenhouse gas emissions, and consequently, carbon 

dioxide would drop by 825 million metric tons. This reduction supports one-third of the U.S 

energy sector goal to meet International Energy Agency’s worldwide plans to reduce greenhouse 

gas emissions by the year 2050. Monetizing these reductions results in saving regulatory costs by 

$98 billion. 

The 20% Renewable Energy Report (NREL, 2015) provided by the Department of Energy 

predicts that 46 states would generate more than 100 megawatts of wind electricity, which 

makes 180.000 direct jobs in this industry. Additionally, it makes more than 100,000 indirect jobs 

through the manufacturing of equipment, financial services, and maintenance.   
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Wind turbine technology has matured significantly and is becoming more reliable. As a result, 

multinational and world-leading companies such as Vestas, General Electric, and Siemens are 

funding many research projects and involve state-of-the-art technologies in their products to 

respond to the high demand and achieve higher market share. Figure 1.6 shows the Global Wind 

Energy Council report on companies with the highest market share. 

New features and options are added, such as advanced controls and variable-speed 

generators through progressive power-split configuration (shown in Figure 1.7). This feature 

consists of a torque gear that lets the rotor function as either booster or diverter. It transmits 

mechanical power from slow rotation gears attached to the turbine rotor to boost or divert 

power to stabilize the generator's rotational speed. This synchronizes and matches the 

alternating current with the frequency of the grid, which is generally 50-60 hertz. 

On the other side, state and federal regulatory agencies monitor the market potential and 

overall reliability of renewable energies to welcome the current share and demand more. Wind 

farms and generating companies are stepping in and sending bids to grid systems (depending on 

grid characteristics). Regulatory rules push grids, and financial benefits push generating 

companies to increase their collaboration. Generation production cost models have been 

researched to help all involved parties regulate prices. 

Given the uncertainty on how market players encounter changes, applying models to electric 

markets gives intuition on how to optimize the overall benefit of wind electricity. These models 

cover uncertainty involved with wind power, from capacity credit and economic benefits to wind 

power forecasting. Whether the utility company is a monopolistic industry working under 

regulations or working on a competition basis, the models try to minimize the company's overall 

cost subject to constraints set by power plants. Although the cost models are vital because they 

analyze the interaction between load (demand) and generators (supply), they are still missing 

accuracy in terms of start-up and costs associated with load commitment. These models and 

applied costs of day-ahead order commitments will be discussed more in Chapter 3. 



 20 

 

Figure 1.6: Global market share of wind turbine 
manufacturers (Global Wind Energy Council, 2018). 

 

 

 

Figure 1.7: Wind turbine drivetrain. 
sources: www.nrel.gov 
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Wind energy supply is assumed to use the state-of-the-art gearbox and pitch-control equipped 

turbines that stabilize the generators, and the wind speed is predictable 24 hours in advance. The 

uncertain electricity demand by consumers is the factor that requires the up-to-date functionality 

of grid systems, specifically in peak hours. They are the points that integrate power from 

dispatchable units, namely fossil fuel generators, as well as power from renewable generators, 

storage systems, and are connected to demand-side management systems (Chowdhury et al., 

2009). They are also responsible for power exchange between (1) day-ahead orders and (2) real-

time orders to always balance the supply and demand. In this research, we consider integrating 

two additional electricity sources with the power system, which are (3) wind electricity and (4) 

storage system. We describe these four energy resources as follows: 

(1) Grid systems reserve and purchase day-ahead electricity from power plants 24 hours in 

advance. 

(2) Grid systems also purchase real-time electricity from power plants, which is an additional 

order in real-time at a higher cost to compensate for the shortcoming of the day-ahead 

reserve and to balance the supply and demand. 

(3) Wind electricity is generated by wind turbines. 

(4) The storage system provides the system with two simultaneous benefits. The first benefit 

is mitigating the uncertainty of wind electricity production and the second benefit is 

reducing the expensive real-time electricity orders. 

 

According to research done by Lantz et al. (2016), wind developers follow the same process 

and algorithm for establishing land-based wind facilities (shown in Figure 1.8). The decision-

making process starts from land prospecting and finishes with the construction phase of the 

planet. The approximate direct costs for a regular project are Environmental review and permit, 

Interconnection, land, land use permitting, navigation and communication, off-take, public 

relations, and resource evaluation. Indirect costs are usually related to projects delays and redo 

studies, which significantly affect the profitability and viability of the industry.   
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Figure 1.8: Algorithm for Establishing Land-based Wind Facilities (Lantez et al., 2016).  
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1.10.1 Primary Challenges of Wind Energy Implementation 
 

There are several challenges identified to increasing the share of wind power. First, wind farms 

are usually located in remote places, so significant investment in transmission lines is required to 

reach remote areas, and consequently, higher transmission capacity requires current 

infrastructures. Second, long transmission needs permitting and financing of new equipment. 

Third, wind variability and uncertainty require costly technologies such as gearbox and pitch 

control that alter the slowly rotating, high torque power which you get from the wind turbine 

rotor to high speed, low torque power. Finally, other methodologies such as demand response 

methods and the process of studying, modeling, implementing, and maintaining such systems 

also add up to the wind technology cost. 

Moreover, Transmission line setting and permitting may cause visual and environmental 

concerns that need to be addressed. This includes human health and wildlife effects that need to 

be addressed by further research and sincerity. Finally, due to the high expenses of wind power 

over traditional power, federal and state regulators and incentives are required for continued 

wind growth. 

1.11 Utility Scale Power Storage 

Utility-scale battery storages are new technologies that charge from a power plant or grid system 

to discharge the energy later or provide the grid with other services such as ancillary. Several 

battery chemistries are studied for utility-scale storage systems, including lithium-ion, Redox 

flow, and lead acid. Although each material may have advantages and disadvantages, lithium-ion 

batteries have the highest share among others. Lithium-ion batteries are becoming popular, 

causing a price decline of more than 70% from 2010, and it is predicted to decline due to 

technology improvements and mass production (Curry 2017). The increasing share of battery 

storage is due to an increase in the deployment of variable and uncertain renewable energies 

such as wind and solar. It will be more discussed in Chapter 2 how these batteries allow grid 

systems to enhance their operation and receive high levels of renewable energy. This lets the 

power sector safely and reliably integrate renewable energies. 
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In Chapter 5, we show how it can reduce the overall cost of power plants and consequently 

reduce their air pollutants. Depending on demand fluctuation and availability of renewable 

energies, other alternatives might be more profitable than batteries and still provide the grid 

with flexibility. These alternative resources are demand response programs, pumped-hydro 

storage, or simply investing in conventional generation flexibility. 

Moreover, depending on battery characteristics such as rated power capacity, energy 

capacity, storage duration, cycle life, self-discharge, and round-trip efficiency, they can provide 

the following services: 

▪ Arbitrage Services: Arbitrage is a source of income for the grid and one of the main 

reasons to utilize batteries. It means charging the battery when electricity prices are low 

and discharging the battery during peak hours at the times electricity price is high. This is 

also very functional and important when it comes to renewable energies. Assuming we 

want to use as many low-cost, emission-free renewable energies, the batteries minimize 

the mismatch of renewable energy supply and demand. For example, instead of 

curtailment of excessive wind generation during the night, the power can be stored for 

the peak hours of demand during the day. Moreover, the same functionality can be used 

for load leveling. Excess power generation can be stored and dispatched during the high 

demand. 

▪ Firm Capacity or Peaking Capacity: Peak demands are usually balanced with expensive 

and pollutant methods such as gas turbines. Although Variable renewable energies are 

not considered firm capacities, batteries can help them to be regarded as firm capacity 

by storing and shifting the power to high-demand peak hours. This feature helps grid 

operators to install and integrate more and more renewable power resources. 

▪ Ancillary Service: Grid reliability maintains through ancillary services. There are different 

timescale ancillary services from sub-seconds to hours to keep supply and demand always 

balanced. Batteries rapidly charge/discharge and play a significant role as ancillary 

servicer. Hence, batteries can be used instead of traditional methods such as thermal 
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plants for both the short term and long term. Long term ancillary service needs larger 

battery capacity. 

▪ Upgrade Deferrals: The grid must have the functionality to meet the peak hours. 

Increased peak demand in recent years may require grid operators to upgrade the grid 

system and expand transmission and distribution capacity. However, in many cases, 

batteries simply reserve adequate power to meet those peak demands, which are out of 

grid’s supply capacity. 

▪ Black Start: Generators themselves need power at the time of starting up, so they can get 

prepared to generate electricity for the grid. This starting up power is provided by grid or 

an on-site independent diesel generator in normal situations. However, in cases like 

system failure, the grid cannot provide power, and batteries can send electricity to 

generators to perform key functions and startup. 

The battery applications, potential service duration, and its potential efficiency is summarized in 

the table 1.1. 

 
The United States Federal Energy Regulatory Commission passed order No. 841 in 2018, which 

requires energy market operators in their jurisdiction to allow storage resources to be utilized as 

capacity recourses (Federal Energy Regulatory Commission, 2020). It opens the way for 

transmission grid operators in the U.S to accept offers from the energy storage market, including 

aggregated Lithium-ion batteries connected to the distribution grid. In addition, this new order 

enabled each market operator to specify a minimum storage source that meets or exceeds 

peaking capacity. 

Based on the above discussion, grid systems facilitate the integration of intermittent 

renewable energy sources and storage systems in a regular power system; however, balancing 

demand and supply specifically in peak hours remains a problem that needs to be solved and 

optimized. To address this issue, an optimized day-ahead order for peak hours can be formulated 

to take full advantage of renewable energies and minimize the real-time order. This optimization 

benefits the grid companies with cost reduction and society by reducing the air pollution and the 

use of fossil fuels.  
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Table 1.1: Energy storage applications. 

Application Description Service Duration Is it efficient? 

Arbitrage Charging during off-
peak and discharging 

during peak 

Hours Yes, Depending on 
real-time price 

Firm Capacity Reliable low risk power Hours Yes 

Ancillary Services Frequency Response 
during variable supply 

Seconds needed Yes, depending on 
frequency 

Upgrade Deferral No need to increase 
grid capacity 

Hours Yes 

Black Start Start generators Minutes needed No, Diesel 
generators are more 

economy 
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1.12 Summary 

We take the following steps to model and solve the problem: 

 

1. All involved power resources with grid systems are specified. Power inputs are Day-ahead 

order, Wind Power, Storage system, Real-time order, Emission-Penalty added Real-time 

order. Power output is consumer demand. 

2. Storage system transition functions are designed in a way to meet every possible scenario 

in terms of supply-demand. 

3. Grid system transition functions are designed to meet every possible scenario in terms of 

supply-demand. 

4. Transition functions are merged based on the supply-demand scenario, associated cost 

with each power source is added, and cost functions are designed that include all the 

power sources. Finally, model constraints are designed in a way that involves the cheapest 

available source. Running the model for a given period provides us with the aggregated 

cost of system operation. 

5. Forecasting the demand is used for day-ahead order optimization (day-ahead 

order is one of the model inputs). An optimized weight will be calculated for the 

forecasted demand, and an optimized weight will be calculated for the previous-

day actual demand   

6.  Finally, the model will be verified based on a case study. This cost minimization model 

provides the user with a practical approach to placing optimized day-ahead order when 

the optimized size of the battery is integrated. 

7. Consequently, Chapter 5 explains how such models help grid systems remain profitable 

and help regulatory agencies in legislation. At the same time, the use of fossil fuels and 

emissions is considered.  



 28 

1.13 Outline 

This dissertation includes five chapters. Chapter 1 reviews the power industry and introduces the 

context of the studied problem. Chapter 2 presents an extensive literature review. Chapter 3 

explains the system modeling and methodology chosen for solving the problem. Chapter 4 

presents the results within a case study. Chapter 5 summarizes the findings and suggests future 

multidisciplinary work. 
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Chapter 2 

Literature review 
 

The day-ahead electricity market has had many updates during the last decades. Most of these 

updates are because of new low polluting power generation methods and international rules on 

the deployment of low emission power sources such as sustainable energies. Variability of power 

generation sources and demand fluctuation has always been a challenge for power optimization, 

even though the generation and transmission costs are getting more economical. The expensive 

cost of utility-scale batteries prevented the researchers and authorities from considering any 

chance for it as the capacity source. However, battery property improvements and cost 

reductions have been established in recent years, confirming it as a sustainable source of power 

for grid systems. The combination of day-ahead order optimization and battery utilization as the 

capacity source is the foundation of this research towards cost and carbon footprint minimization 

of grid systems adopting cutting-edge technologies. Integrating other storage systems like 

pumped hydro, liquid, or air is well studied and utilized in some cases; however, these storage 

systems still have their limitations compared to the new generation of Lithium-ion batteries. 

From classical methodologies to multi-objective heuristic techniques, various optimization 

methods are developing robust strategies looking for the global optimum of energy cost. In the 

following literature review, we have reviewed the optimization models/techniques related to the 

family of power optimization, explained details related to each power source in subsections, and 

introduced how the new lithium-ion utility-scale batteries may have the revolutionary potential 

for change in grid systems, and simultaneously clarified the research gap. 

2.1 Day-Ahead Order Optimization 

The family of day-ahead electricity prediction has been extensively researched; however, there 

is a gap between those studies and the emerging utility-scale battery, which has recently become 

an essential player in power systems. One of the earliest review papers was done by Bajay (1983), 

which is an extensive bibliography related to demand analysis and forecasting for power systems. 
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The paper pertains to the rapid growth of demand forecasting and believes the main reason 

concerning of growth was the 1973 energy crisis which notified the society regarding the 

importance of energy planning. The paper discusses the methodologies and techniques that have 

been used for electricity demand forecasting and divides them into four main categories of 

extrapolation, correlation, inquiry, or a combination of those categories. Furthermore, they can 

be classified as deterministic, probabilistic, or stochastic (Sullivan, 1977). 

Extrapolation techniques fit trend curves to historical data and speculate the future growth to 

continue at past rates. Other methods use the average historical energy/output ratio to predict 

future demand. Correlation techniques relate demand to different demographic or economic 

factors. Although this technique helps the user to realize the interrelationship between demand 

patterns and other factors, demographic and economic predictions might be needed for exact 

results (Bajay, 1983). 

An extrapolation methodology was used by Goh et al. (1983), that believes forecasting 

requires realizing the available data properties and projecting it into the future. They believe 

econometric methods have uncertainties in model specifications and are subject to errors. 

However, data characteristics errors can only be affected by methods of prediction, not missing 

factors in the model or model specification. In time series forecasting, Goh et al. (1983) took 78 

demand points of a public utility in Singapore and used the Box-Jenkins methodology of 

stochastic modeling for forecasting. They did not use the last 12 points of 78 points so that they 

could check those points for the accuracy of the model based on the first 66 points. Mean Squad 

Error was used to evaluate the accuracy of forecasts. They received two main conclusions. First, 

Mathematical models that take the presence of any trend, seasonality, and stochastic 

dependence of past data are shown to be more practical and give better results in comparison 

to data older exploration methods such as exponential smoothing and data weightage. Second, 

the combination of sectors of homogeneous end users would provide more accurate results in 

comparison with a single aggregate model. 

A correlation methodology was used by Spann et al. (1979) to forecast demand for the Virginia 

Electric Power Company based on the data between the years 1960 to 1973 for the months June, 
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July, August, and September. Their econometric model relates peak demand to marginal 

electricity prices, temperature, and industry income. The results show: 

• Price elasticities during peak hours demand are statistically significant. Price elasticities 

of peak hours demand were less than existed estimates of price elasticities of sale. It 

means that increasing electricity prices may lower demand (Relative to peak demand), or 

load factors deteriorate, and the optimal demand changes toward more peaking demand. 

• Industry income elasticity of peak hours demand is usually more than the income 

elasticity of peak hours electricity sale. It means, increasing industry income makes 

industry less worried about the utilization of electricity resulting in greater electricity 

purchases (demand) and greater use of appliances and equipment.   

• Peak demand is sensitive to alternative fuel prices. It means electricity can be replaced by 

alternative fuels depending on their availability and price. Therefore, it could imply that 

the factors such as alternative fuels, industry income, and other economic variables 

should be considered in peak demand estimation models (Spann et al., 1979). 

 
Renewable power generation methods are associated with challenges and uncertainties 

depending on location, weather, and regional climate, making utility power storage systems 

necessary. In addition, power storage transforms the intermittent nature of renewable energy to 

a firm capacity and gives other beneficial services. Those services include but are not limited to 

the stored energy that can be used when the generated power is insufficient, provides services 

such as ancillary and arbitrage, and acts as reactive power to enhance grid stability (Desai et al., 

2005). 

Based on the uncertainties involved with renewable power generation and the benefits of 

storage systems in terms of ancillary and arbitrage services, many researchers used modeling and 

simulation techniques to optimize the functionality of energy systems. However, due to recent 

developments of utility-scale lithium-ion batteries, they are missing important features that this 

new technology has to offer. Lyden et al. (2018) studied modeling tools that support the design 

of power systems, including different power resources. They offer a process that considers 

Capability Categorization and Stepwise Tool Selection. The capability tools cover input data 
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characteristics, available outputs, supply factors, storage, and practical factors. The Stepwise 

Selection Process that covers tool selection are score-based on Essential, Desirable, or Not 

Applicable. The scores are then calculated to select the tool. The tool may have data entry 

requirements, which are related to demand profile, local climate, and generation profile. They 

usually find the minimum or maximum of a defined objective function according to a 

mathematical algorithm. Design optimization takes a combination of sources and sizing of 

components (Sawhney et al., 2020). Most of these use a deterministic approach according to 

data inputted by the user to solve the optimization problem. The output gives information on a 

different aspect of a grid system, mainly related to the cost of generated energy, the amount of 

power exchange between grids, considering total generation emission, or can be focused on 

matching supply-demand. (Dufo-Lopez et al., 2016). 

Some modular models are used for demand forecasting considering human behaviors (Taylor 

and Letham, 2018). Power demand predictions can depend on different factors that repeat in 

specific periods. For example, temperature change during different seasons causes similar power 

demand adjustment that follows the same trend. The simple definition of time series and 

regression analysis is a predictive modeling technique that finds the connection between 

dependent and independent variables. It gives the best fit line or regression equation for making 

predictions. Regressions are not necessarily linear regression models to find a linear relationship 

between input and output variables; many more extensions exist. They can be Polynomial 

Regression to model the relationship between independent variable 𝑥, and dependent variable 

𝑦 is an nth degree polynomial with a curve shape. Moreover, they can be Logistic regression with 

a sigmoid shape (s-shape) to model a binary dependent variable. 

A model is linear when its parameters are linear: 

𝑦= +  𝑥+  𝑥2+  

The 𝑘𝑡ℎ polynomial model in one variable is: 

𝑦=  
0

 + 
1

𝑥+ 
2

𝑥2+ . . . + 
𝑘

𝑥𝑘+  
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If 𝑥𝑗 = 𝑥𝑗 , 𝑗= 1, 2, . . . , 𝑘 model is a multiple linear regression model in 𝑘 explanatory variables, 

𝑥1, 𝑥2, … , 𝑥𝑘. Hence, the same techniques that we use for fitting linear regression models can be 

used for fitting polynomial regression models. 

To fit polynomial in one variable, we need to consider the following points:  

Order of the Model: We have to increase the order of polynomial as one by one and keep it as 

low as possible. Arbitrary fitting results misleading and wrong regression analysis. Although a 

polynomial of high degree can be a good fit for the data, it does not necessarily reveal a correct 

function or precise predictor. 

Model building: There are two approaches to finding the best order of a polynomial regression. 

Forward Selection Procedure puts lower orders and tests the model by adding orders until the 

model gives a significant t-statistic. Backward Elimination starts with the highest orders and then 

deletes higher orders one by one until the model provides a significant t-statistic. 

Extrapolation: Make sure that the region of data and the region of extrapolation are the same. 

Otherwise, the prediction is not correct, and the model is not reflecting data behavior. It happens 

due to polynomial curvature in the wrong direction, which causes false interpolation and 

extrapolation. 

Ill-conditioning: X-matrix is full column rank in linear regression, and as the polynomial order 

increases, 𝑋’ 𝑋 matrix turns to ill-conditioned. Hence, (𝑋’ 𝑋)−1 the matrix may cause parameters 

to give wrong estimates due to considerable error. Furthermore, small amounts of change in 𝑥 

causes ill-conditioning to increase, which eventually shows multicollinearity in columns of 𝑋 

matrix. This shows high multicollinearity between x and x2. For example, if 𝑥 changes from 3 and 

4, then x2 changes from 9 to 16.  

Hierarchy: All polynomial models should increase hierarchically from 𝑥 to 𝑥1, 𝑥2, 𝑥3, … , 𝑥𝑘  to be 

invariant in linear transformation. The following model is hierarchical because it has all orders up 

to its maximum order: 

𝑦=  
0

 + 
1

𝑥+ 
2

𝑥2, 
3

𝑥3+
4

𝑥4 +  

The following model is not hierarchical because it does not have order x3. 

𝑦=  
0

 + 
1

𝑥+ 
2

𝑥2+ 
4

𝑥4 +  
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Orthogonal polynomials: Orthogonal Polynomials are primarily accepted for their practical 

importance in numerical integration using quadrature rules and approximation theory. This is 

widely used in rational and polynomial approximation and numerical quadrature in engineering 

and applied problems. Orthogonal polynomials start with a linear regression model and then 

develop into a quadratic, cubic model, and so on. We usually have to start the modeling from the 

base for each step. In some cases, we can refine and develop the model by increasing the order. 

This cannot be done by increasing the powers 𝑥0 =  1, 𝑥, 𝑥2, 𝑥3 … , 𝑥𝑘  because fitting polynomial 

while using one variable causes ill-conditioning. However, it can be done through Gram-Schmidt 

orthogonal (Bultheel et al., 2005). It does not meet the ill-conditioning because of high levels of 

multicollinearity, and it does not satisfy the multiple linear regression because, in multiple linear 

regression, all the independent variables are independent. 

Understanding sources of bias and variance errors guide us to improve the data fitting process 

and better electric demand predictions. We consider bias and variance in three schemes. 

Conceptual Definition: The error caused by bias is because of the difference between the 

expected (or average) demand of the model and the actual demand that we are trying to predict. 

Due to randomness in different years’ demands, different models in different years give various 

range of predictions. Bias calculates how far these predictions are from the actual value. The 

error caused by variance is the variability of demand predictions for different data points. The 

variance shows how various data points give different predictions. 

Graphical Definition: Bulls-eye diagrams show in Figure 2.1 can be used to show graphical 

visualization of bias and variance. If the center of the target is the correct predicted amount, 

moving away from the center worsens the prediction. We can consider different data sets to 

compare different prediction models and see how far our prediction is from the bull-eye. Outliers 

or non-standard values caused poorer predictions. Different predictions result in scatter points 

on the diagram (Fortmann-roe, S. 2014). 

Mathematical Definition: If the predicted variable, 𝑋 is covariate, and 𝜀 is the error with an 

average mean of around zero, they are related to each other as𝑌 = 𝑓(𝑋) + 𝜀. We can estimate 

𝑓(𝑋) using linear regressions. The expected squared prediction error at point x is:  
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Figure 2.1: Bias and Variance effects on prediction (Fortmann-roe, S. 2014). 
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Err(x) = E[(Y − f^(x))2] 

The error decomposes to Bias and Variance components: 

Err(x) = (E[f^(x)] − f(x))2 + E [ (f^(x)  −  E [f^(x)])2] + σe
2 

Err(x) = Bias2  +  Variance +  Irreducible Error  

Irreducible error is the noise term that cannot be reduced. With the proper model and infinite 

data, we could minimize both the bias and variance to zero. However, there is always a tradeoff 

between minimizing bias and minimizing variance due to imperfect models and finite data (Hastie 

et al., 2009). 

2.1.1 Asymptomatic Properties of Prediction Error 

We consider the Asymptotic consistency and asymptotic efficiency of prediction algorithms. 

Asymptotic consistency means as the sample size goes to infinity, the model’s bias goes to 0. 

Asymptotic efficiency means as the sample size goes to infinity, the model’s variance gets to the 

optimum amount. Although these are the desired properties of a model, an infinite sample size 

does not exist, and asymptotic properties cannot be reached. Because zero bias comes with 

infinitive data points: however, in practice, we have a few hundred data points which are 

associated with some bias. 

Furthermore, as shown in Figure 2.2 bias and variance have opposite functionality. Bias decreases 

as variance increases. Although both the bias and variance are important to find the behavior of 

the model, the overall error should be the focus. The optimum error is equal to the point that 

bias - variance cut each other.  

dBiasd

Complexity
=

−dVarianced

Complexity
 

There is no analytical approach to finding the point that bias and variance cut each other; 

however, we can find a prediction error by trying different levels of model complexity and 

choosing a complexity that provides us with the overall minimum error.   
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Figure 2.2: Bias and Variance Response to Model. 
(Source: https://github.com/ImadDabbura/blog-posts) 
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2.2 Smart Grid Systems 

With the emergence of grid systems, matching the demand and supply has become a major 

subject to study. Although the existing models are wide-ranging from the setting and concept 

perspective, the primary purpose of studies is to ensure the constant supply of electricity at its 

minimum cost. Also, new power generation methods and technologies, such as utility scale 

batteries, update the energy market, which require state-of-the-art scientific approaches to 

utilize them (Weschenfelder et al., 2020). Furthermore, new studies are trying to hire updated 

energy production methods and tools to match the supply and demand not only at its minimum 

cost, but also with respect to other factors such as air pollution (Lehtola and Zahedi, 2019). 

The proposed models and methods may consider the uncertainty of both supply and demand 

to minimize the cost function or assume one side as an adjustable factor to optimize the system’s 

overall “social welfare” (Jiang and Low, 2011). In recent years, power storage systems such as 

Batteries, Thermal, Mechanical storage, hydrogen, and Pumped hydropower, have had 

enormous development and are widely accepted to play as resilient energy infrastructure and 

bring cost savings for grid operators and consumers (Lehtola and Zahedi, 2019). Cochran et al. 

(2015) published a report associated with the National Renewable Energy Laboratory named Grid 

Integration and the Carrying Capacity of the U.S. Grid to Incorporate Variable Renewable Energy, 

explaining the challenges that exist for integrating solar and wind energy with grid systems. Table 

2.1 addresses these challenges that give grid systems operational flexibility. 

The standard method to balance the demand and supply for grid companies is to order day-

ahead energy for specific periods, 24 hours in advance, and real-time power is available at a 

higher cost to compensate for the shortcoming of day-ahead prediction. Most of these methods 

and models suggest an optimized day-ahead order for grid companies considering actual demand 

in real-time (Ferruzzi et al., 2016). Having involved an uncertain amount of renewable power 

requires microgrids, a promising technology to enable the utilization of different energy 

resources in an efficient and reliable process. Scheduling these flexible loads with the existence 

of power storage systems can be a practical approach to optimizing the efficiency and reliability 

of grids (Mirzaei et al., 2020).  
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Table 2.1: Characteristics of Renewable Energy and Its Challenges (Cochran et al., 2015). 

Wind power 

Characteristics 

Specifications Potential Grid Integration Challenges 

Variability Generator output can vary as 

underlying resource fluctuates. 

Balancing generation with electricity load 

requires more flexibility. 

Uncertainty Generation cannot be predicted 

with perfect accuracy (day-

ahead). 

System operators could need additional 

reserves and/or an improved ability to dispatch 

generation. 

Location- 

specificity 

Generation is more economical 

where highest quality resources 

are available. 

More transmission and more advanced 

planning could be needed. 

Non- 

synchronous 

generation 

Generators provide voltage 

support and frequency control in 

a different manner than 

traditional resources. 

Voltage and frequency stability from variable 

RE generators or additional equipment comes 

at added capital and/or opportunity costs. 

Low-capacity 

factor 

Availability of the underlying 

energy resource limits the run- 

time of the plant. 

Existing conventional generators could be 

needed to meet demand, but run less than 

originally anticipated, affecting cost recovery. 
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Optimization simulation or stochastic optimization methods are used to address the demand 

uncertainties and real-time generation, thus, lowering the aggregation cost of day-ahead orders 

and real-time orders (Zakaria et al., 2020; Kuang et al., 2019). On the other side, some groups of 

works consider the scheduling of user demand through mathematical programming to adjust the 

demand response; it needs linking and cooperation of consumer and supplier (Behboodi et al., 

2018; Soares et al., 2017; Zhao et al., 2013). They used stochastic Optimization methods to 

maximize the welfare of society (summarized in Table 2.2). The social welfare of a system is 

defined as the difference in total benefits of buyers from that of sellers, so maximizing social 

welfare means lowering the demand and consequently lowering the energy generation cost that 

mainly pays for expensive real-time orders. An example of this approach can be scheduling 

consumers’ appliances to be used according to supplier decisions (Abhindranath et al., 2015). 

2.3 Demand Side Management (DSM) 

2.3.1 Components of DSM 
 

The main purpose of Demand Side Management (DSM) systems is to transfer peak-load demand 

to off-load demand to minimize the real-time orders and operational costs (Esther et al., 2016). 

Although DSM employs methods that control customers over their energy consumption by giving 

incentives, some consumers, especially industry sections, find it difficult to involve in demand 

response programs (Zhang and Grossmann, 2016). Before emerging power storage systems, 

demand-side management was one of the most important subjects that could help electricity 

day-ahead optimization. Smart grid systems can integrate the electricity supply chain through 

collecting and analyzing energy usage of households and optimally manage the generation 

resources. The main services provided by demand-side information systems are load shifting 

from peak-demand hours to low-demand hours, peak clipping, and flexible load through using 

storage systems and demand reduction by participant users (Barbato et al., 2014). Peak clipping 

reduces the difference between peak and valley demand.  
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Table 2.2: Summary of Virtual Models and Their Assumptions for Day-Ahead Market. 

Reference Model Assumption Application 

Jiang and Low, 

2011 

Primal-dual algorithm 

simulation 

Demand response based 

on the supply 

Increase of Social welfare 

through demand 

response 

Lehtola and 

Zahedi, 2019 

Literature review Vehicle-to-grid (V2G) 

capability for the system 

Reliability of grid systems 

Ferruzzi et al., 

2016 

Discission making model & 

Risk management 

Island grids mode potential impact of a 

wrong decision including 

forecasts 

Mirzaei et al., 

2020 

hybrid two-stage 

optimization model 

tie-line and sectionalizing 

switches 

Maximizing the grid profit 

Kuang et al., 

2019 

Stochastic dynamic 

Optimization 

Cooling, heating and 

power System (CCCHP) 

High energy efficiency 

Behboodi et 

al., 2018 

Agent-based approach Thermostatically 

controlled loads (TCLs) 

Demand response limited 

to Thermostatic loads 

(Heat pumps & Air 

conditioners) 

Soares et al., 

2017 

Stochastic Model for energy 

scheduling 

Fixed contract price Demand scheduling 
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Esther et al. (2016) summarize important elements of DSM systems as follows: 

• Sensors: They constantly monitor the appliances based on information such as 

temperature and light. 

• Smart Devices: They are designed to constantly report their energy consumption and 

work according to the DSM mechanism. 

• Storage Systems: It is designed to help DSM mechanism with ancillary and arbitrage 

services. 

• Energy Management Unit: It is designed within the DSM system to allocate the available 

energy to appliances. 

• Local Generators: The generated power can be used for appliances within the DSM 

system or injected into the grid according to DSM info. 

• Smart Grid Domains: it is generally the utility company that distributes power and 

provides services to users based on energy rates. Smart grid domains and demand-side 

management are connected to adjust and shave the load, especially during the peak 

hours. 

In summary, demand response tries to adjust consumer behavior and shift the power demand 

through electricity price change during the on and off-peak hours, enforcing penalties or 

incentives.  

2.3.2 DSM Optimization Models 
 

Minimization of peak hours demand through demand response can be categorized into two main 

groups: price-based and incentive-based. The price-based programs require the volunteering 

cooperation of consumers for social welfare or real-time pricing. The incentive-based programs 

motivate consumers to flatten the peak-demand curve in exchange for benefits (Hajibandeh et 

al., 2017). 

Chavali et al. (2014) modeled a cost function for aggregated appliances of each user and 

designed constraints for appliances. Each user can schedule its appliances depending on 

electricity price and independent from other users. In the designed algorithm, each user only 
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needs the real-time electricity price, which depends on the aggregated load profile of all users. 

Furthermore, a penalty coefficient in the function penalizes demand changes between 

integrations, which triggers cooperation between the users. The simulation results show lower 

electricity prices for users and lower generation costs due to lower real-time peak demand. 

Xu et al. (2021) pertain to state-of-the-art metering and control technologies of DSM and 

energy price-varying depending on time. First, they provide the retailers with monetary 

incentives, and retailers make real-time price adjustments for consumers. Then, they evaluate 

the effectiveness of this mechanism through the Stackelberg approach. Their hybrid demand 

response mechanism shifts the peak demand and lowers the effects of uncertain renewable 

energy. Their numerical simulation approach shows around 25% peak demand reduction. 

Waseem et al. (2021) present a scheduling methodology with several constraints and a 

demand response program to schedule household appliances. They basically consider appliances 

are time-varying shiftable consumers, and they normalize the constraints through game theory. 

They schedule appliances to optimize the cost and bring the peak demand close to the average 

ratio. Moreover, a risk factor in resolving the absence of power supply in case of intermittent 

renewable energy presence. 

Kinhekar et al. (2014) presents a multi-objective algorithm that lowers the cost for both 

generation and consumer. They simulate the data for a time of the day situation when consumers 

try to shift and schedule the load to the low-demand time of the day.  

Mansoor et al. (2020) compared Echo Neural Networks and Feed Forward Neural Networks 

for demand estimation with the existence of demand response. They divided one main location 

into four locations. The demand of each sub-location compared to aggregated demand of all four. 

K-means clustering performed and differentiated to different types of times in terms of humidity 

and temperature. Different clusters were used for day-ahead order as a deterministic method 

depending on tomorrow’s weather, humidity, and temperature. Two types of day-ahead order 

prediction models were considered. Echo Neural Networks and Feed Forward Neural Networks. 

The results of the two models were compared, and the results can be used for demand response 

programs by grid systems that can establish user-based profiles. 
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Tsao et al. (2021) present blockchain technology to improve real-time demand response 

programs. A fuzzy multiple objective optimization approach is used to optimize the location, 

number, and capacity of renewable generation sites with the existence of adjustable prices under 

uncertain demand. The results show a 1.6% increase in grid probability; also, blockchain 

technology helps sustainable goals such as the economy and the environment by improving the 

adaptiveness ability of grid systems to demand change. 

Hajibandeh et al. (2017) propose a model for grid systems integrated with wind power and 

demand response strategy. The optimization improves both supply and demand response 

through price adjustments depending on the time of use or monetary incentives during the peak 

hours to flatten the curve. The model is a stochastic heuristic multi-objective that minimizes 

operation costs and emissions. It finally verifies that by increasing the participants, electric 

demand decreases, and the peak demand curve can be flattened. It consequently reduces real-

time orders and emissions caused by real-time power generation. On a smaller scale, Conte et al. 

(2017) model a grid system integrated with a solar system connected to a battery. The objective 

function maximizes the delivery of solar power based on day-ahead estimates, solar power 

generation estimates, and transmission constraints. Eventually, they proposed two algorithms 

for day-ahead order and real-time charging/discharging battery based on a stepwise linear daily 

generation profile. During the real-time operation, the grid dynamically predicts the long-term 

and short-term solar power generation and regulates the charging and discharging battery 

according to the above-mentioned estimates and constraints. The chance-constrained stochastic 

methodology used in this model provides the grid with optimal solar energy penetration and 

consequently facilitates day-ahead estimates and optimizes the real-time operation.  

Azimi et al. (2021) present a model that includes demand response and electric vehicles jointly 

cooperating for energy management. The objective function is based on production planning 

models that include distributed power plants, demand response, and electric vehicles connected 

to the network. The objective function maximizes the power plant's benefits. To evaluate the 

model performance, they simulate the network with the connection of electric vehicles to the 

network. The results show the reduction of full capacity use of the grid and operation cost. Hakimi 
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et al. implemented demand response to improve the energy efficiency of microgrids integrated 

with renewable resources. They introduce a new smart cooling system with an active controller 

adjustable by both inside setting (consumer) and outside signals depending on microgrid load. It 

improves the reliability of microgrids, minimizes the price of microgrids, and minimizes the 

order/load on the distribution grid. 

2.4 Real-time Power Optimization 

2.4.1 Components of Real-time Optimization 
 

Some degrees of uncertainty always exist in industrial processes, and the values calculated by 

designers need to meet that safety and requirements. Day-ahead order has a certain amount of 

freedom, depending on integrated power sources. Real-time optimizations reduce the cost of 

process variations. Real-time optimization is even more critical for grids involved in trade-offs, 

which brings excellent monetary benefits to process control (Costello et al., 2016). The models 

and algorithms must address the following criteria: 

1) It is essential for models to specify exact constraints; otherwise, the system may 

experience expensive operational costs or black-out. 

2) It is important to verify that the algorithm and nominal optimal solution meet the power 

plant optimum generation. 

3) There is usually a delay for the algorithm to converge, send the signals, and for the 

operation to apply the change. 

4) The algorithm should be methodologically and functionally simple enough for 

implementers. They may not have detailed knowledge to design the process according to 

rigorous process models Day-ahead order estimates and real-time optimization may 

become mismatched and ineffective if the above-mentioned criteria are ignored in 

modeling the system. 

Mathematical calculations are usually done with algorithmic frameworks, and real-world 

problems are generally associated with dynamics and uncertainty. In terms of power 

optimization, we plan (ahead of time), and there are changes happening over time that requires 
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real-time updates and optimizations. Different optimization approaches can be taken depending 

on the problem (Bianchi et al., 2009). 

1. Deterministic optimization works for problems without uncertainty when finding a global 

solution is the answer. 

2. Stochastic optimization generalizes deterministic methods for deterministic problems 

and can be used when discrete or continuous probability distributions are given. 

3. Fuzzy optimization defines the fact that we make decisions based on blurred and 

estimated information, which is used to consider the concept of partial truth. Constraints 

are considered as Fuzzy sets, and random variables are taken as Fuzzy numbers. The Fuzzy 

models give the option to manipulate and use the available information, though the data 

may come with uncertainty. 

4. Robust optimization considers some degrees of robustness against the uncertainty that 

can be regarded as deterministic variability for both the problem and solution 

parameters. As a result, the optimal solution is acceptable for all scenarios and 

realizations. 

5. Dynamic or On-line Optimization is used for problems that we have incomplete 

knowledge about their future. Several decisions are taken as time goes by based on piece-

by-piece information that becomes available. Furthermore, the information may change 

over time and as time passes. Therefore, it concentrates on real-time optimization as time 

passes and the solution needs updating. 

Figure 2.3 shows the appropriate optimization approach depending on the level of uncertainty 

and level of dynamicity. 

2.4.2 Optimization Models 

Marzband et al. (2016) present an algorithm to schedule energy for microgrids with a multi-layer 

ant colony, considering time-dependent economic constraints. They try to find an optimum load 

on the microgrid to reduce power generation costs for both day-ahead and real-time scheduling.  
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Figure 2.3: Dynamic optimization method depending on uncertainty.  
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The algorithm attempts to minimize the microgrid's load demand, which reduces the grid 

 system's energy cost. Moreover, the electric vehicle capability in real-time is considered in 

different scenarios, and the system performance is validated. The results show that the 

performance of multi-layer ant colony optimization compared to energy management systems 

that use particle swarm optimization is 20% in terms of energy cost. Evangeline et al. (2021) 

introduces multiple real-time objectives to optimize demand. It becomes a dynamic optimization 

problem that optimizes control variables. 

The feasibility of the model is tested with a particle swarm optimization algorithm, and the 

model results in minimizing generation cost and, consequently, emission. Namilakonda et al. 

(2021) are taking the same integrated intermittent renewable resources into the grid system and 

are proposing real-time hierarchical congestion management that optimizes the real-time supply 

based on the load on the transmission lines. The load depends on the availability of renewable 

energy on one side and demand response on the other side. They perform particle swarm 

optimization to optimize the demand response and have their renewable energies generated 

based on a probability density function. The results show load reduction on transmission lines, 

generation costs, and consequently power loss. 

Liu et al. (2021) modeled a dynamic grid dispatch problem to minimize the cost of power 

dispatch and reactive power dispatch and, at the same time, maintain the reliability of the grid 

system. They also predict the intermittent renewable energy by neural network and integrate it 

into the grid as a power source to evaluate it in optimization of dynamic grid system (power 

dispatch and reactive power dispatch). They eventually introduced a multi-objective algorithm 

based on unbalanced power resources to be able to optimize a dynamic power dispatch model. 

The model investigates the internal relationship of that power dispatcher and reactive power 

dispatch and tries to have a collaborative optimization based on them and the intermittent 

renewable energy. In Guan et al. (2020), power dispatch is considered a sequential decision-

making problem to optimize real-time dispatch power in periods of 5 minutes. They used a deep 

learning algorithm with continuous control. The results show that data richness positively affects 
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the deep learning policy for power dispatch, and deep learning improves the implementation of 

the policy network and decreases learning costs for the system in slightly different scenarios. 

Mahmoudian et al. (2017) present an adaptive real-time management methodology to 

optimize the real-time power congestion based on adaptive thermal ratings. The suggested 

algorithm provides ancillary service where consumers are bidding to buy power from generation 

companies. A demand response program feature and a real-time optimization algorithm are 

merged to calculate the optimal real-time power immediately in real-time. The methodology 

uses an adaptive artificial neural network with Particle Optimization approach. The numerical 

results show the algorithm is cost-effective and reliable when power congestion exists, and one-

step real-time adjustment fails to remove the congestion.  

 Zacher and Daoutidis (2016) propose a stochastic scheduling model for grids based on day-

ahead commitments. The constraints help the system to decrease the cost of power distribution. 

Also, Chance Constrained Optimization is used to optimize the operational cost based on day-

ahead and energy exchange commitments. Having merged two subjects, the model turned into 

a mixed integer programming problem that evaluates the effects of risk aversion on grid 

operating costs. Baheri et al. (2017) use a data-driven method known as Bayesian Optimization 

to optimize real-time load based on maximizing wind energy penetration. The optimization is 

used to determine the optimal operating altitude of wind turbines because wind speed changes 

depending on time and altitude. They used Gaussian Process modeling and Bayesian 

Optimization in real-time to optimize the wind turbine altitude without using ancillary 

equipment. The model is designed so that the objective function is modeled by Gaussian Process, 

and Bayesian Optimization is utilized to predict uncertainties involved with Gaussian Process. 

This finds the optimum altitude that maximizes wind power generation with consideration to 

different times. The results show context dependent Bayesian optimization increases the wind 

generation in comparison to other control methods. 

Shaabani et al. (2017) apply deterministic and stochastic approaches to optimize the dispatch 

and reduce the emission. First, they use a deterministic model to compare their work with 

previous works. Then, they apply Monte Carlo simulation to solve a stochastic model with case 
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study data and evaluate the range of output values to realize the uncertainties associated with 

the model. They believe deterministic models cannot meet some real-time conditions because 

of uncertainty involved with renewable energies, which cause errors in practice. On the other 

hand, their simulation results show stochastic models improve power dispatching by eliminating 

risks (Sharifnia et al., 2021). 

2.5 Wind Power Optimization 

The reliability of power resources is a key factor to be considered in terms of power optimization, 

and wind power variability reduction demands new technologies and methods to be utilized. 

Recent improvements in wind hybrid power systems show utility-scale batteries and developed 

gearboxes have opened a path toward optimizing wind resources to meet the predicted load 

demand. The family of wind power optimization is mainly researched, and the most recent 

studies can be categorized into two main sections of hybrid wind power and gearbox-equipped 

wind turbines, which will be discussed in the following sections. 

2.5.1 Hybrid Wind Power 
 

Hybrid renewable energy systems can be combinations of different renewable energies, storage 

systems, or regular fossil fuels. However, the stochastic nature of renewable energies such as 

wind and solar generates complex non-linear problems. The optimization results come with 

errors that can be very costly in the power industry. This encouraged researchers to offer new 

methods and technologies for more deterministic and precise optimization results. On the other 

side, the advanced techniques and their applications in hybrid wind power optimization need to 

be reviewed and understood for us to present our grid system integrated with wind and utility-

scale batteries. 

Classical optimization techniques are more deterministic mythologies looking for a definite 

answer. They aim to find a global optimum (usually cost optimization) based on the formulations 

such as Linear Programming, Non-linear Programming, Dynamic Programing, or Iterative 

Techniques, etc. On the other side, user-friendly commercial software facilitates applying this 
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Technique for optimization problems. Modern optimization techniques such as machine learning 

can optimize several parameters of multi-objective problems simultaneously in a low 

computation time (Memon and Patel, 2021). In some cases, graphical techniques are used to 

present how changing the components’ size affects the target parameters. For example, Borowy 

and Salameh (1996) model a system with solar-wind power generation integrated with a battery 

and used Loss of Power Supply Probability as a reliability factor and overall cost as an economic 

factor to evaluate the impact of wind turbine numbers on reliability and cost optimization. 

Linear Programming has been used in industry and business models for assignment and root 

problems. The wind power industry adds some assumptions to design and sizing problems to be 

able to employ robust linear programing (Curto et al., 2020). The proposed models are linear 

programming applied to reliability criteria for grid-connected and standalone systems by Chedid 

and Rehman (1997). Mixed-Integer Programming for hybrid power systems cost minimization by 

Dai and Mesbahi (2013). And the combined Heat and Power system is optimized to improve the 

use of renewable energies based on the day ahead weather prediction through Linear 

Programing by Wang et al. (2015). 

Many researchers have seen hybrid renewable energy systems as non-linear because of the 

non-linear behavior of involved resources from generation to consumption. Although new 

technologies are invented to reduce the power generation variation of different resources, such 

as wind power, non-linear programming has been widely used in literature to optimize the hybrid 

system optimization problems (Memon and Patel, 2021). For example, Belfkira et al. (2011) 

propose a non-linear algorithm to optimize hybrid systems based on solar radiation, 

temperature, and wind speed data. In addition, Alsayed et al. (2013) developed several multi-

criteria optimization methods for hybrid renewable systems based on weight assignment. The 

multi-criteria analysis includes the Weighted Sum method, Preference Ranking method, and 

Technique for Order Preference by Similarity to Ideal. 

The iterative technique is a relatively simple method for finding the optimal variable values 

through a running combination of possible variables and looking for the optimum output of 

objective function values. The output of each iteration is compared to the previous iteration's 
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output, and it continues until finding the optimal values of the objective function. Hocaoglu et al. 

(2009) are taking alternative and deterministic approaches for a wind-solar-battery system. In 

this cost minimization study, they find the maximum capacity of the battery based on maximum 

wind-solar power generation. Then an iterative method is used to find the deterministic values 

of optimal objective function configuration, resulting in an optimal number of solar panels and 

wind turbines for a minimum cost. Kaabeche et al. (2011) optimize an integrated solar-wind 

hybrid system connected to a battery. The constraints are based on supply probability, excess 

power probability, total constant costs, and maintenance probability to achieve enough reliability 

at a minimum cost. Additionally, a sensitivity analysis is performed to illustrate the practical 

factors influencing the hybrid system cost.  

2.5.2 Gearbox Equipped Turbines 
 

Wind power is a key factor and solution for the energy crisis and emission issues, developed from 

different aspects of efficiency. One of the practical components is gearboxes that make turbines 

more efficient through speed control technologies and procedures. According to the Global Wind 

Energy Council reports, the development of new wind farms and new technologies results in wind 

power generation growth of 17,500MW to 432,420MW from 2000 to 2016, and it is expected to 

increase by 880GW and 5,810GW by 2030 and 2050, respectively (GWEC, 2016). 

Table 2.3. Shows the wind power manufacturers and their product specifications. 

Without loss of generality, wind speed prediction provides us with an almost constant wind 

power generation amount on a day-ahead basis. This assumption has two strong reasonings; 

First, wind speed is predictable for at least the next 24 hours. Second, the new generation of wind 

turbines provides us with constant power generation because the more recent versions of 

turbines are equipped with gearbox and pitch control to increase the ability of the constant 

generation rate of the gearbox technology. Gearboxes change the slow speed high torque turbine 

shaft to a higher speed depending on generator settings. The gearbox lifetime expectancy is high 

under standard conditions (Nicholas et al., 2020). According to the Global Wind Energy Council 

reports, 1.5MW turbines were the most prevalent turbines worldwide from 2004 to 20015, and 

new technologies, which are now replaced with 2MW and 5MW.  
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Table 2.3: Wind turbine-gearbox manufacturers and product specifications. 

Manufacturer Power (MW) Feature description 

Vestas 
(+740GW- worldwide) 

2 Double fed generator 
3 speed-gear 

9 Semi-direct drive 

Siemens-Gamesa 
(100GW-worldwide) 

2 Double fed generator 
3 speed-gear 

8 Direct drive 

General Electric 
(62GW-worldwide) 

2 Double fed generator 
2 planetary – 1 parallel 

12 Direct drive 

Nordex 
(66GW-worldwide) 

2.5 Double fed generator 
3 speed-gear 

6 Direct drive 

Bosch Rexroth 
(<20GW – 25% of gearboxes 
used in turbines produced by 

ZF-Bosch). 

0.8 Double fed generator 
3 speed-gear 

8 Double fed generator 
3 speed-gear 

1 parallel Power-split system 
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As they develop large power turbines, the transmission system is becoming more important 

for generating steady power and minimizing the variable and intermittent nature of wind power 

(Qiu et al., 2017). Furthermore, having reduced variability decreased the need for an embedded 

battery for turbines. Therefore, utility-scale batteries can directly be integrated with the grid for 

a faster response to peak-hours high and fluctuating demand. The current speed control 

gearboxes can be categorized into three types fixed axis, planetary gearboxes, and differential 

gearboxes are shown in Figure 2.4. 

The gearbox systems can be an intermixture of several gears that are designed according to a 

specific equation. Two gear transmission systems can be connected as series, parallel, and hybrid 

(which is the combination of series and parallel). Figure 2.5 shows the possible connections 

respectively as a, b, and c. Qui et al. (2017) describe different types of internal/external gear 

mesh gearboxes developed for wind turbines located in unsteady wind speed conditions (On-

shore and off-shore). Figure 2.6 shows a planetary gearbox, which adjusts the (internal gearbox 

in section a, and [external gear] planetary gearbox in section b). As shown in Figure 2.6, the 

planetary gearbox consists of a merged internal and external gearbox. The planetary gearbox 

allows the generator to speed more or less than the actual blade speed, which adjusts the 

generation rate by reducing the wind speed variation. The gears can be designed as a single 

degree of freedom, as shown in Figure 2.6 (section c), or can consist of two gears with single 

degree of freedom. These gearboxes are designed with an input shaft speed indicator 𝑅𝑖 =

 (ω𝑖 𝑀𝑖  𝑟𝑖)
𝑇and an output shaft speed indicator of 

𝑅0 =  (ω0 𝑀0 𝑟0)𝑇 

and the input/output gears are related according to their state vectors: 

𝑅0 =  𝐴𝑗 . 𝑅𝑖  

Where 𝐴𝑗 consists of λ𝑤𝑖, λ𝑀𝑖, λ𝑟𝑖, are sub-matrix indicating vectors of speed, torque, and 

structure. The gearbox transmission equation shows the relationship between input/output 

gears and dual vectors, and they make a transformation matrix 𝐴𝑗. A planetary gearbox is a 

combination of a transmission unit with a single degree of freedom and two transmission units 

(with a single degree of freedom) connected as parallel. With the increase of turbine capacity, 

the structure of gearbox becomes more complex for speed increase/decrease purposes. 



 55 

 

 

Figure 2.4: Schematic view of gearboxes depending on generation capacity (Qiu et al., 2017). 

 

a: b: c:  

Figure 2.5: different types of gear transmission units’ connection (a: series, b: parallel, c: hybrid) 
(Qiu et al., 2017).  
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Figure 2.6: Planetary gearbox (S=Sun gear and R=ring gear) (Qiu et al., 2017). 
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With the emergence of wind turbines, both horizontal-axis and vertical-axis wind turbines 

were developed until horizontal-axis turbines became the dominant design (Kamp et al., 2004). 

The same happened for two-bladed wind turbines versus three-bladed wind turbines. The battle 

between the gearbox wind turbines with pitch control and direct drive wind turbines is 

dominating the gearbox wind turbines (Van Deka et al., 2020). 

Seasonal wind speed difference and daily wind speed prediction error convinced scientists to 

use gearbox turbines with pitch control, shown in Figure 2.7 (Muljadi et al., 2013 & Morren et al., 

2006). Gearbox turbine converts between slowly rotating, high torque power, which you get from 

the wind turbine rotor - and high speed, low torque power, which is needed for the generator. 

The primary purpose is typically to increase rotational speed from a low-speed rotor to a higher-

speed electrical generator. The gearbox increases the rotation speed of the blades from 15 to 20 

rotations per minute up to the about 1,800 rotations per minute that is required.   

Along with the above-mentioned research, some recent studies are taking wind energy 

uncertainty into account. This is an additional factor that needs probabilistic distribution of some 

parameters in different scenarios to increase the accuracy of models (Kekatos et al., 2014). Due 

to a high number of different scenarios, some studies are taking the robust optimization 

approach to get a certain amount of robustness that changes the uncertain parameters to 

deterministic variables. Wang et al. (2017) bounded energy supply and demand as a scheduling 

problem and approached it with robust optimization. Dividing time periods into shorter times 

decreases the system's uncertainties when we have penetration of renewable power and makes 

the problem approachable as a deterministic model (Olivares et al., 2014). A deterministic 

approach can save variables against the worst-case scenarios specially for renewable energy 

production (Aboli et al., 2019). As a response to the worst-case scenario and to compensate for 

the shortcoming of power supply, some studies used a pumped storage hydro unit which, during 

the low demand periods, when electricity is less costly, pumps send water from a lower reservoir 

to an upper reservoir.  
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Figure 2.7: Constant power generation for turbines with gearbox and pitch control. 

Source: www.nrel.gov (Muljadi. E. et al., 2013)  
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When the grid is experiencing high demand during peak hours, water flows down through 

generating turbines to produce power. Although it uses more power than it generates, it 

becomes an effective source that helps the grid during peak hours to balance the supply and 

demand (Jiang et al., 2011). Although pumped storage hydro can increase power supply, the 

locational and geographical limitations do not make it a realistic choice to mitigate the worst-

case scenario (Zhao et al., 2013). 

2.6 Utility Scale Power Storage 

The battery is a general word in the literature that refers to three main electrical storage systems. 

Electrochemical are generally referred to lithium-ion and acidic batteries. Electromagnetic refers 

to supercapacitors. Mechanical refers to compressed air energy storage, hydro pumps, and 

flywheels (Lyden et al., 2018). The models and batteries are summarized as follows: 

 

• Kinetic battery model was presented in hybrid energy systems. It has two tanks, one of 

the tanks stores the energy to support charge and discharge, and the other one stores the 

bound energy to support the available tank. The model covers charge and discharge 

mechanisms based on the general features of Kinetic Battery properties. 

• Flow battery models are limited to systems that balance capacity through the charging 

and discharging capability of flow cell batteries such as acidic batteries. 

• Pumped Hydro battery is presented in models as part of capacity and generation rate, as 

well as reservoir capacity. The efficiency of the pump is adjustable depending on system 

properties. 

• Compressed Air-Energy battery is deployed to balance the power supply of systems 

integrated with highly intermittent sources of photovoltaics and wind. 

• Thermal storage is deployed for systems that can store sensible or latent heat for later 

use. An example of thermal batteries is the energy that can be saved during summertime 

for wintertime or daytime and nighttime. In addition, the energy can be saved as hot 

water, brick stores, or phase change material, to name but a few, and it can be used for 
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small-scale locations such as buildings. The models that include a thermal battery as the 

source set a higher bound and lower bound for the tank temperature. The amount of 

stored energy is calculated according to the thermocline indicator (Steen et al., 2015). 

• Synfuel or Synthetic storage is derived from natural gas, coal, or biomass. The synfuel can 

be produced within a system and stored to be used for a later time or in a different sector. 

The models that include synfuel as an energy source consider the size of fuel and 

therefore can estimate the potential energy to be used. 

• Lithium-ion battery works by lithium-ions moving from negative electrode to positive 

electrode during the discharge stage and from positive electrode to negative electrode 

during the charging stage. Therefore, they are categorized as high energy density and low 

self-discharge. 

Although different types of utility-scale storage systems are embedded in power system 

models, lithium-ion batteries are experiencing fast development and dominating the market due 

to their advantages such as high energy density, service life, low self-discharge, and low emission 

(Chen et al., 2021). They are employed in different ranges of industries such as power section, 

automated and non-automated electric vehicles, electronic devices, aerospace, etc. Their main 

economic developments are related to technology, mass production, and price reduction. 

Simultaneously, there are studies optimizing energy density, instability, environmental 

protection, and life of them (Osara et al., 2021). 

2.6.1 Battery Development 
 

Although the general expensive cost of batteries is limiting the growth of utility-scale battery 

deployment, many incentives support their implementation. This emerging technology and its 

benefits are getting known by the government, environment authorities, regulators, and power 

plants. At the same time, policy incentives such as capacity payment, direct grants, feed-in-tariffs, 

and tax credits are being designed to develop battery integration. For example, in the United 

States, the American Recovery and Reinvestment Act of 2009 is participating in financing projects 

related to (Hart and Sarkissian, 2016):  
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• Utility-scale storage for load shifting 

• Ancillary services 

• Distributed storage for grid systems 

 

Li et al. (2020) studied the dispatchability of battery energy storage systems that facilitate the 

intermittent use of renewable energy. Their power flow model allows long-term performance 

and supports the long-term use of Lithium-ion batteries for dispatch control tasks. They offer an 

optimization algorithm incorporated into a computational algorithm that determines the 

optimum battery capacity and power rating. Numerical data used for the optimization confirms 

the hourly-constant power dispatchability of Lithium-ion batteries. These batteries have become 

more prevalent in recent years. While they are becoming the main alternative to other types of 

energy storage, their cost is reducing due to product development as well as mass production. 

They can also act as reactive power control, voltage regulation, and ancillary service to shave the 

peak with minimizing the voltage deviations and losses. (Yang et al., 2014; Kumar et al., 2019) 

Frazier et al. (2020) evaluated energy storage buildout and system operation through 2050 in 

the United States. They found out there is an economic potential of more than 100 GW for 

periods of ten hours and even less. This amount of storage meets the peaking capacity of many 

regions in the United States. Battery costs are predicted and separated by their energy and 

capacity illustrated in Figure 2.8. They considered the storage systems as Lithium-ion batteries 

with a lifespan of 15 years and round-trip efficiency of 85%, which will be assumed 100% in our 

research. They have added Natural Gas Combustion Turbine to compare operational costs of it, 

as a regular low-cost power generation, with Lithium-ion batteries. Both the costs and future 

predictions support the storage systems as an acceptable electricity source for peak hours.   

Grid systems can choose the batteries based on specific factors: 

1. Physical factors: Expected lifetime considering different aging stress, charge/discharge 

currents, depth of discharge, temperature, and operation schedule.  
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Figure 2.8: Battery and Natural Gas Combustion Turbine Costs are Shown as a Comparison. 

(Left) Reference Based Costs. (Right) Best Practices Costs (Frazier, A. et al., 2020).  
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2. Chemical factors: Grid supply-demand big data helps the battery designers to optimize 

the battery based on some adjustable battery elements such as electrodes, electrolytes, 

formulation, etc. (Dos Reis et al., 2021). 

3. Day-ahead prediction error: The average difference between polynomial regression and 

previous years' demand can be an effective factor in predicting the battery size 

(Pourkhalili et al., 2021). This will be more discussed in sections 4 and 5.  

Based on digital transformation and the development of battery management systems, 

monitoring the real-time battery status, and collecting large-scale data is facilitated and possibly 

more than before. The big data can be used to detect the efficiency and useful life of the battery. 

Furthermore, monitoring the battery status alerts the need for preventive maintenance, 

preventing additional costs and sudden device failures (Chen et al., 2021). 

2.6.2 Battery State of the Charge 
Storage systems are becoming a vital technology to improve electric vehicles and smart grids and 

modeling them as an integrated system is necessary to evaluate the implementation of grid 

systems integrated with batteries. The data-driven methods dominate such models as they can 

learn the charge/discharge process through large input/output data. The common data-driven 

methods are approaching the functionality and state of charge estimations. These models not 

only manage the charge/discharge processes but also protect batteries from under-voltage/over-

voltage and over-current limits (amps). The fuzzy Logic method, Deep Learning method, and 

Neural Network method are among the well-known methods. 

Fuzzy Logic captures the nonlinear dynamics of the battery. Burgos et al. (2015) present a 

Fuzzy model that relates the battery open-circuit voltage, the real-time charge amount, and the 

discharge current using experimental data to design the system through different test profiles. 

Furthermore, standard tests are performed to evaluate the model’s open-circuit voltage and 

state of charge curve. The curve is affected and can consider charge/discharge amounts, usage 

period, battery temperature, and self-discharge effects. Lee et al. (2007) presents a state of 

charge learning method due to battery nonlinear discharge characteristics. The method considers 

controllers and fuzzy neural networks that predict nonlinear characteristics of the battery and, 
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consequently, battery consumption under work situations. Moreover, detailed information such 

as time remained to discharge for electric vehicles. 

The Neural Network method was used by Dang et al. (2016) to find the relationship between 

circuit voltage and the state of the charge. They show the neural network battery model can 

identify the first and second-order parameters of the electrochemical model. Machine learning 

models and artificial intelligence are applied to battery state of health. Nuhic et al. (2013) use a 

support vector machine through the state of health and remaining useful life to control uncertain 

external factors as well as uncertain electrochemical processes. 

Our model has considered different scenarios based on the supply and demand balance, 

power source availability, and their prices. The constraints allocate supply to the power resources 

based on their priority and availability. At the same time, the battery system is charging and 

discharging depending on supply-demand scenarios, and the state of the battery at the first of 

each time epoch is what remained from the previous time epoch.  

2.6.3 Battery life and cost projections 
National Renewable Energy Laboratory (NREL) releases reports/updates that review published 

values on the cost and life of utility-scale batteries (Cole et al., 2021). The cost and life are 

reported based on publications focused on utility-scale lithium-ion battery systems for use in 

power capacity expansion models. The main advantage of this report is to overcome the 

relatively limited dataset for existing battery systems and the rapidly changing properties of such 

batteries. 

The report calculated normalized battery pack prices for 2020, 2025, and 2030 and the 

efficiency and depth of discharge are accounted for in the price of the battery pack (BNEF 2019). 

It also shows the anticipated cost reductions for future years to the battery price in the bottom-

up cost model from Feldman et al. (2021). The overall results from the reviewed publications 

show the capital cost of batteries will be reduced from $143/KWh in 2020 to $87/KWh in 2050. 

Figure 2.9 shows the price continues to decrease. Figure 2.10 shows the battery life in various 

research. We have selected 15 years for our study, which is near the median of published values. 
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Figure 2.9: Battery cost reduction (NREL - Cole et al., 2021).  
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Figure 2.10: Battery lifetime from various published resources 

(NREL - Cole et al., 2021). 
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Hence, the battery will be replaced every 15 years, and in our research, the cost of replacement 

is compensated by the operation cost of the battery. 

2.7 Summary 
We have reviewed the optimization models/techniques related to the family of power 

optimization, explained details related to each power source in subsections, and introduced how 

the new lithium-ion utility-scale batteries have the potential for change in grid systems, and 

simultaneously clarified the research gap. This identifies the opportunity of cost and carbon 

footprint minimization by battery size and day-ahead order optimization for grid systems 

adopting cutting-edge technology of utility-scale battery as a capacity source. 
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Chapter 3 

Methodology 

 

3.1 Research Objectives  

One of grid operators' main tasks and challenges is matching supply and demand at its lowest 

cost, specifically during Peak hours when the system encounters the fluctuant high demands. In 

this research, we modeled a system that includes all the grid parameters (Figure 3.1) to capture 

what happens during the power supply. Furthermore, we propose a day-ahead and battery 

optimization method that minimizes the overall system cost and, consequently, the carbon 

footprint of the grid system. Evaluation of historical data provided by the U.S Energy Information 

Association allows us to test/run the model to verify the methodology and outcome. It is notable 

that the model works without time correlation and is adjustable for different regions. Hence, the 

time epoch is adjustable for different users, and the time length does not make any difference in 

the model's functionality.  

3.2 Problem Statement 

United States Federal Energy Regulatory Commission passed order No. 841 in 2018 that requires 

energy market operators in their jurisdiction to allow storage resources to be utilized as a 

capacity source. This is an additional welcome to international rules on reducing greenhouse gas 

emissions caused by traditional power generation methods. Having these requirements and the 

U.S Department of Energy plans to generate 20% wind energy from the total U.S power 

generation by 2030, requires grid companies to implement utility scale batteries. 

The uncertainty of peak hours consumer demand requires a methodology that grid companies 

utilize to prioritize available resources, stabilize power supply, optimize the utility scale power 

storage, optimize day-ahead orders, and minimize the real-time balancing orders.  
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Figure 3.1: Schematic Representation of System Circuit.  
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3.3 Research Model 

This research aims to optimize day-ahead order and battery size during peak hours for grid 

systems integrating wind energy and power storage resources. Demand uncertainty has been a 

significant factor distorting day-ahead estimations; on the other side, the charge amount left in 

the battery from the previous period is a factor that affects supply and demand balance, 

specifically during peak hours. We observe an actual grid system, define the system parameters, 

model the system considering all potential scenarios, and run the system to optimize the decision 

variables (Figure 3.2). As a first step, we categorize all the possible scenarios in terms of supply 

and demand uncertainty. Furthermore, we translate these potential scenarios as analytical 

expressions consisting of all the players in the system. 

The following scenarios can happen in real-time, and the cost function must be formulated in 

a way that calculates the aggregated cost for that scenario. 

1) Day-ahead order + Renewable energy production exceeds the demand; then we store the 

excess electricity (in case demand and supply are equal, the battery level does not 

change). 

2) Day-ahead order + renewable production falls under demand; we discharge the storage 

system to meet the demand. 

3) Day-ahead order + renewable production falls under demand, and the storage system is 

emptied: grid system orders up to 1000MWh real-time power without emission penalty. 

4) Day-ahead order + renewable production falls under demand, the storage system is 

emptied, and 1000MWh emission penalty-free real-time power is used; Penalty included 

real-time order adds in this scenario.  
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Figure 3.2: Schematic representation of system validation. 
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3.3.1 System Parameters 
 

We define system parameters for each player in the system: 

 

• 𝒒𝒊(𝒕): Actual demand in time 𝒕 of consumer 𝒊. 

𝑞𝑖 is aggregated power demand by consumers. 

 

• 𝒒̂𝒊(𝒕): Predicted demand in time 𝒕 of consumer 𝒊. 

𝑞̂𝑖 is  forecasted power demand by consumers. 

 

• 𝑷𝒅(𝒕): Day-ahead reserve (Decision Variable) 

• 𝑪𝒅(𝑷𝒅 (𝒕); 𝒕)= Day-ahead order cost 

𝑃𝑑, is the amount of day-ahead reserve that grid companies order/reserve for period t of next 

day. It costs 𝐶𝑑𝑃𝑑. 

𝑷𝒅(𝒕) =  α × 𝒒̂(𝒕) + (1- α)× 𝒒𝑷𝒓𝒆𝒗𝒊𝒐𝒖𝒔−𝒅𝒂𝒚(𝒕)         0 ≤ α ≤ 1    ( 1 ) 

We take combination of two factors for actualizing the day-ahead order: 

o (α × 𝒒̂(𝒕)): Forecasted demand weight. Demand is predicted based on trend, 

seasonality, and events. 

o (1- α)× 𝒒𝑷𝒓𝒆𝒗𝒊𝒐𝒖𝒔𝒅𝒂𝒚
(𝒕): Previous-day actual demand weight. The previous-day actual 

demand for the year 2019-2020 (previous-day demand is known at the time of day-ahead 

order). 

• 𝑷𝒓 (𝒕)= Wind power generated at the period of t. 

• 𝑪𝒓(𝑷𝒓 (𝒕); 𝒕)= Wind power electricity cost 

𝑃𝑟 is the wind energy realized at the time of day-ahead order for time period t. It costs 𝐶𝑟𝑃𝑟 

 

• 𝑷𝒔 (𝒕)= Storage energy in battery (Decision Variable) 

• 𝑪𝒔(𝑷𝒔 (𝒕); 𝒕)= Cost of battery use 

𝑃𝑠 is the amount of charge/discharge at the period of t. It costs 𝐶𝑠𝑃𝑠 . 
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• 𝑷𝒃 (𝒕)= Real-time balancing order 

• 𝑪𝒃(𝑷𝒃 (𝒕); 𝒕)= Cost of real-time order 

𝑃𝑏 is the power that grid has to order to balance the supply and demand at time period of t. It 

costs 𝐶𝑏𝑃𝑏. 

 

• 𝑷𝒃−𝒆 (𝒕)= Penalty added real-time balancing order over 1000MWh  

• 𝑪𝒃−𝒆(𝑷𝒃−𝒆 (𝒕); 𝒕)= Cost of penalty added real-time order 

𝑃𝑏−𝑒 is the real-time power order over 1000MWh. It costs 𝐶𝑏−𝑒𝑃𝑏−𝑒 . Natural gas power 

plants can emit no more than 1,000 pounds of carbon dioxide per megawatt-hour (MWh) of 

electricity produced (www.c2es.org). 

Figure 3.3 shows the parameters through out of flowchart of the supply chain algorithm. 

3.4 Mathematical Formulation 

3.4.1 Notations 

Table 3.1 summarizes the notations used throughout the mathematical formulation. 

3.4.2 Supply Transition Functions 
 

The following supply transition functions enable our model to calculate the abovementioned 

scenarios' aggregated cost. Each scenario considers its own involved energy resources and their 

associated costs. This is the path towards making a total-cost objective function. 

Depending on the power demand, the following scenarios may happen at the period of t. Each 

scenario may add an energy source and its associated cost or automatically removes the unused 

source and its associated cost. 

 

𝐶𝑑(𝑃𝑑  (𝑡); 𝑡)+ 𝐶𝑠(𝑃𝑠(𝑐ℎ𝑎𝑟𝑔𝑒) (𝑡); 𝑡)       (2) 

When ∑ 𝑞𝑖(𝑡)𝑖 ≤ 𝑃𝑑  

http://www.c2es.org/
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Figure 3.3: Flowchart of supply chain.  
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Table 3.1: Notations used in mathematical modeling. 

System Parameters Values 

𝑷𝒅 Day-Ahead Order 

𝑪𝒅 Day-ahead order cost 

𝑷𝒓 Wind power 

𝑪𝒓 Wind power electricity cost 

𝑷𝒔 Battery storage 

𝑪𝒔 Cost of battery 

𝑷𝒃  Real-time balancing order 

𝑪𝒃 Cost of real-time order 

𝑷𝒃_𝒆 Penalty added real-time balancing order 

𝑪𝒃_𝒆 Cost of penalty added real-time order 

𝒒𝒊 Actual Demand 

𝒒̂𝒊 Forecasted Demand 

α 0-100% (weights given to Forecasted Demand and Actual Demand)) 

𝑪𝒂𝒑𝒂𝒄𝒊𝒕𝒚𝒎𝒂𝒙 Maximum Capacity of Battery - 1200MWh (market availability or 
residual-standard-error (2367MWh), whichever is smaller) 

𝑪𝒂𝒑𝒂𝒄𝒊𝒕𝒚(𝒕−) Initial state of battery 

𝑪𝒂𝒑𝒂𝒄𝒊𝒕𝒚(𝒕) State of battery after operation 
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𝐶𝑑(𝑃𝑑  (𝑡); 𝑡) + 𝐶𝑟(𝑃𝑟 (𝑡); 𝑡) + 𝐶𝑠(𝑃𝑠(𝑐ℎ𝑎𝑟𝑔𝑒) (𝑡); 𝑡)           (3) 

When ∑ 𝑞𝑖(𝑡)𝑖  ≤ 𝑃𝑑 + 𝑃𝑟 

 

𝐶𝑑(𝑃𝑑  (𝑡); 𝑡) + 𝐶𝑟(𝑃𝑟 (𝑡); 𝑡) + 𝐶𝑠(𝑃𝑠(𝑑𝑖𝑠𝑐ℎ𝑎𝑟𝑔𝑒) (𝑡); 𝑡)         (4) 

When 𝑃𝑟 + 𝑃𝑑 < ∑ 𝑞𝑖(𝑡)𝑖 ≤ 𝑃𝑑 + 𝑃𝑟 + 𝑃𝑠 

                                                 

𝐶𝑑(𝑃𝑑  (𝑡); 𝑡) + 𝐶𝑟(𝑃𝑟 (𝑡); 𝑡) + 𝐶𝑠(𝑃𝑠(𝑑𝑖𝑠𝑐ℎ𝑎𝑟𝑔𝑒) (𝑡); 𝑡) +  𝐶𝑏(𝑃𝑏 (𝑡); 𝑡)   (5) 

When 𝑃𝑟 + 𝑃𝑠 + 𝑃𝑑 <∑ 𝑞𝑖(𝑡)𝑖  ≤ 𝑃𝑑 + 𝑃𝑟 + 𝑃𝑠 + 𝑃𝑏 

    

𝐶𝑑(𝑃𝑑  (𝑡); 𝑡) + 𝐶𝑟(𝑃𝑟 (𝑡); 𝑡) + 𝐶𝑠(𝑃𝑠(𝑑𝑖𝑠𝑐ℎ𝑎𝑟𝑔𝑒) (𝑡); 𝑡) +  𝐶𝑏(𝑃𝑏 (𝑡); 𝑡) + 𝐶𝑏−𝑒(𝑃𝑏−𝑒 (𝑡); 𝑡)  

(6) 

When 𝑃𝑟 + 𝑃𝑠 + 𝑃𝑑 + 𝑃𝑏 <∑ 𝑞𝑖(𝑡)𝑖  ≤ 𝑃𝑑 + 𝑃𝑟 + 𝑃𝑠 + 𝑃𝑏 + 𝑃𝑏−𝑒 

3.4.3 Storage System Transition Functions 

The following storage system transition functions are used to make the objective function. It 

shows how the battery works depending on supply-demand scenarios. Lithium-ion batteries are 

assumed to have a 10-year lifetime, full round-trip efficiency, and a fixed operating cost including 

maintenance.  

Battery scenarios: 

 

• 𝑃𝑠 𝑀𝑎𝑥
*

                                                              ∑ 𝑞𝑖(𝑡)𝑖 <  𝑃𝑑  (𝑡) + 𝑃𝑟  (𝑡) (Battery is full)  (7) 

• 𝑃𝑠 𝐶ℎ𝑎𝑟𝑔𝑒    ∑ 𝑞𝑖(𝑡)𝑖 < 𝑃𝑑  (𝑡) + 𝑃𝑟  (𝑡)                         (8) 

• 𝑃𝑠 𝑆𝑡𝑎𝑏𝑙𝑒       ∑ 𝑞𝑖(𝑡)𝑖 =  𝑃𝑑  (𝑡) + 𝑃𝑟  (𝑡)              (9) 

• 𝑃𝑠 𝐷𝑖𝑠𝑐ℎ𝑎𝑟𝑔𝑒                                          ∑ 𝑞𝑖(𝑡)𝑖 >  𝑃𝑑  (𝑡) + 𝑃𝑟  (𝑡)                     (10) 

• 𝑃𝑠 𝐸𝑚𝑝𝑡𝑖𝑒𝑑                                               ∑ 𝑞𝑖(𝑡)𝑖 >  𝑃𝑑  (𝑡) + 𝑃𝑟 (𝑡)  (Battery is empty) (11) 

* The extra wind power generation (When the storage is full) will be vented, or blades will be 

locked. 
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3.4.4 Supply and Storage Integration 

The utility company reserve the day-ahead, 𝑃𝑑 amount of power for the period of t next day. The 

amount of this reserve is based on demand predictions and wind speed forecast 24 hours in 

advance. On the next day, depending on actual demand, wind power amount and power storage 

level, company determines whether it needs to order real-time energy or not. The transition 

functions are as follow: 

 

𝑃𝑑  (𝑡) + 𝑃𝑟 (𝑡) = [∑ 𝑞𝑖(𝑡)𝑖 ]0
Pd+Pr          (12) 

𝑃𝑠 (𝑡) =  [∑ 𝑞𝑖𝑖 (𝑡) − (𝑃𝑑  (𝑡) + 𝑃𝑟 (𝑡))]𝐷𝑖𝑠𝑐ℎ𝑎𝑟𝑔𝑒
𝐶ℎ𝑎𝑟𝑔𝑒

      (13) 

𝑃𝑏 (𝑡) = [∑ qi(t)i − (𝑃𝑑 (𝑡) + 𝑃𝑟  (𝑡) + 𝑃𝑠 (𝑡))]Pd+Pr+Ps (empty)

1000MWh      (14) 

𝑃𝑏−𝑒(𝑡) = [(∑ qii (𝑡) − (𝑃𝑑(𝑡) + 𝑃𝑟(𝑡) + 𝑃𝑠(𝑡) + 1000)]𝑃𝑑(𝑢𝑠𝑒𝑑)+𝑃𝑟(𝑢𝑠𝑒𝑑)+𝑃𝑠 (𝑒𝑚𝑝𝑡𝑦)+1000𝑀𝑊ℎ
~5000𝑀𝑊ℎ   

(15) 

 

• The equation (12) covers a scenario in which “day-ahead order” + “renewable energy” 

exceeds the demand (or equal). 

 

• The equation (13) covers scenarios when the battery is involved and is charging or 

discharging depending on the demand-supply balance. 

 

• The equation (14) covers the scenario that “Day-ahead order” + “Renewable production” 

+ “Battery” falls under demand; then real-time power is needed to match the supply and 

demand. 

 

• The equation (15) covers the scenario that “Day-ahead order” + “Renewable production” 

+ “Battery” + “Penalty-free real-time” falls under demand; then penalty-added real-time 

power is needed to match the supply and demand. 
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Although the objective function calculates the cost for each period of t, we can think of this model 

without the time correlation as the time epoch is the same through calculations. One hour is the 

standard period for grid transactions. Writing the model without time correlation does not affect 

the functionality of our model since it calculates the cost for each period separately. Therefore, 

without time correlation, we have: 

𝑃𝑑 + 𝑃𝑟 = [∑ 𝑞𝑖𝑖 ]0
𝑃𝑑+𝑃𝑟            (16) 

𝑃𝑠 = [∑ 𝑞𝑖𝑖 − (𝑃𝑑 + 𝑃𝑟)]𝑃𝑠(𝐷𝑖𝑠𝑐ℎ𝑎𝑟𝑔𝑒)

𝑃𝑠(𝐶ℎ𝑎𝑟𝑔𝑒)
          (17) 

𝑃𝑏 = [∑ qii − (𝑃𝑑 + 𝑃𝑟 + 𝑃𝑠)]𝑃𝑑(𝑢𝑠𝑒𝑑)+𝑃𝑟(𝑢𝑠𝑒𝑑)+𝑃𝑠 (𝑒𝑚𝑝𝑡𝑦)

1000𝑀𝑊ℎ        (18) 

𝑃𝑏−𝑒 = [(∑ qii − (𝑃𝑑 + 𝑃𝑟 + 𝑃𝑠 + 1000))]𝑃𝑑(𝑢𝑠𝑒𝑑)+𝑃𝑟(𝑢𝑠𝑒𝑑)+𝑃𝑠 (𝑒𝑚𝑝𝑡𝑦)+1000𝑀𝑊ℎ
~5000𝑀𝑊ℎ     (19) 

3.5 Model Assumptions 

Without loss of generality, we consider the following assumptions for the system. These 

assumptions do not introduce any restrictions on implementing United States Federal Energy 

Regulatory rules. 

▪ We assume high efficiency for power transitions from the generator to the grid system 

and storage system (model users can consider their own conversion loss if it does not 

hold). 

▪ The grid system pays for all its day-ahead reserves. 

▪ Cost assumptions for power resources. The priority of source utilization goes with day-

ahead, wind power, storage, real-time, penalty added real-time power. 

▪ According to the report Cost Projections for Utility-Scale Battery Storage: 2021 Update by 

National Renewable Energy Laboratory, the selected lifetime for the battery is 15 years 

(Cole et al., 2021). 

▪ Wind speed is predictable on a day-ahead basis. 

▪ At the time of day-ahead(𝑃𝑑) order (demand prediction), the grid operator subtracts the 

wind power generation(𝑃𝑟) from the day-ahead order. 
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▪ Historical wind power share of total generation is known for model users (Accessible 

through the U.S Energy Information Administration). 1% of the Tennessee region's 

electricity demand is supplied from wind power. 

3.6 Simulation Optimization 

The optimization is based on multiple comparisons on a finite feasible set of discrete decision 

variables. The model specifies the order of power transitions and the amount needed from each 

source according to its priority and then availability. Having the problem modeled, the decision 

variables are the day-ahead (𝑃𝑑) order and battery size (𝑃𝑠). Thus, selecting the minimum cost 

gives us the optimized day-ahead order and battery size. 

The day-ahead (𝑃𝑑) order will be calculated based on different weights (from 1% to 100%) 

given to forecasted demand (based on the years 2015-2016, 2016-2017, 2017-2018, and 2018-

2019) and different weights given to previous day actual demand. This method considers the 

seasonal, trend, events, and previous day demand impact for an optimal day-ahead order. Details 

of this method are discussed in Chapter 4. 

Wind power (𝑃𝑟) is a small source and accounts for 1% of day-ahead order. It is predictable, 

and wind turbines are assumed to be the new generation equipped with planetary gearboxes 

(discussed in Chapter 3). It is worth mentioning that although we expect a low amount of penalty 

added real-time (𝑃𝑏−𝑒) order, this model provides the grid company with the option to calculate 

the real-time penalty added cost (if enforced by District Air Quality Management). We take the 

actual 2019-2020 demand to test the model. This will be discussed more in Chapter 4. According 

to constraints and costs, power transitions are done from the day-ahead reserve to wind power, 

to charge/discharge battery, to real-time order, and to penalty added real-time order. 

The maximum potential battery size is assumed to be 1200MWh. The maximum capacity is 

determined based on current technology and market availability or residual standard error. The 

battery will be chosen for the system based on its cost and capacity rate that provides constant 

release of power (Amps) for our designated period. The levelized costs associated with each 

source (wind power, day-ahead, storage, real-time, and penalty added real-time) are based on 
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average prices presented by Energy Information Administration. It is important to note that all 

the power resources and their costs are adjusted and can be updated for different grid systems. 

This is discussed in Chapter 3, as many researchers believe the power generation methods 

continue their updates/growth depending on new technologies and regulations. 

3.7 Decision Variables 

• Day-ahead order 𝑷𝒅(𝒕) : Two factors are considered for calculating the day-ahead order. 

Figure 3.4 shows the following two factors considered for day-ahead order. 

o Forecasted demand weight (α × 𝒒̂(𝒕)): Demand is forecasted based on trend, 

seasonality, and events. This research predicts 2019-2020 based on previous years of 

2015-2019. 

o Previous-day actual demand weight (1- α)× 𝒒𝑷𝒓𝒆𝒗𝒊𝒐𝒖𝒔−𝒅𝒂𝒚(𝒕): The previous-day actual 

demand for the year 2019-2020 (previous-day demand is known at the time of day-ahead 

order).     

𝑷𝒅(𝒕) =  α × 𝑞̂(𝑡) + (1- α)× 𝑞𝑃𝑟𝑒𝑣𝑖𝑜𝑢s−day(𝑡)          0 ≤ α ≤ 1. (α increments 0.01 in the simulation). 

The model will be run for the year 2019-2020. Day-ahead order is placed based on forecasted 

demand as one factor and the actual previous-day demand as another factor. Giving different 

weights (1% to 100%) to the forecasted demand and previous-day actual demand provides us 

with different final costs. The lowest cost is the best combination of weights for prediction and 

previous-day actual demand. This will be discussed in Chapter 4. 

• Storage size: The battery size can be within the range of 0MWh to 1200MWh. The maximum 

potential storage size is limited to the current market availability and technology or residual 

standard error (section 4.2.1), whichever is smaller. 

Giving different weights to these two factors considers both the day-ahead forecast (which is 

based on trend, seasonality, and event) and previous-day actual demand. Running the simulation 

optimization model based on different weights and different battery sizes leads to determining   
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Figure 3.4: Schematic representation of two factors involved in day-ahead order.  
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the optimum weights for the day-ahead order amount and the optimum battery size for the 

system operating at the minimum cost. This happens after using different power sources 

(depending on their priority, cost, and availability) through the constraints designed for the 

mathematical model. 

It is important to clarify we did not use the 2019-2020 data for the day-ahead order predictions 

for two reasons. First, we are taking that data as actual demand at the time of running/testing 

our model. Second, it could bias our 2019-2020 day-ahead order calculations. Also, the year 

2020-2021 data is ignored due to the Covid-19 pandemic and stay-at-home order impact on 

power demand (Haxhimusa & Liebensteiner, 2021). 

3.8 Objective Function 

Based on the transition functions (scenarios) (16), (17), (18), and (19), we have the following 

objective function: 

𝑓(α, 𝑃𝑠):  𝑀𝑖𝑛 𝐶𝑑[(α × q̂) + (1- α) × qPrevious−day] + 𝐶𝑟𝑃𝑟 + 𝐶𝑠0
 𝑃𝑠 + |𝐶𝑠 [𝑃𝑠]discharged

charged

+ [𝐶𝑏[𝑃𝑏]𝑃𝑑(𝑢𝑠𝑒𝑑)+𝑃𝑟(𝑢𝑠𝑒𝑑)+𝑃𝑠 (𝑒𝑚𝑝𝑡𝑦)

1000 + 𝐶𝑏−𝑒[𝑃𝑏−𝑒]𝑃𝑏

+  

(20) 

Equal to: 

 𝑓(𝑃𝑑, 𝑃𝑠):  𝑀𝑖𝑛 𝐶𝑑𝑃𝑑 + 𝐶𝑟𝑃𝑟 + [|𝐶𝑠 [(∑ qi i − (𝑃𝑑 + 𝑃𝑟))]discharged
charged

|] + [𝐶𝑏[(∑ qi i − (𝑃𝑑 + 𝑃𝑟 +

𝑃𝑠))]]𝑃𝑑(𝑢𝑠𝑒𝑑)+𝑃𝑟(𝑢𝑠𝑒𝑑)+𝑃𝑠(𝑒𝑚𝑝𝑡𝑦)

1000𝑀𝑊ℎ +  [𝐶𝑏−𝑒[(∑ qii − (𝑃𝑑 + 𝑃𝑟 + 𝑃𝑠 +

 𝑃𝑏))]]𝑃𝑑(𝑢𝑠𝑒𝑑)+𝑃𝑟(𝑢𝑠𝑒𝑑)+𝑃𝑠 (𝑒𝑚𝑝𝑡𝑦)+1000𝑀𝑊ℎ
~5000𝑀𝑊ℎ(𝑏𝑙𝑎𝑐𝑘−𝑜𝑢𝑡)

 

(21) 

Equal to: 

 𝑀𝑖𝑛 𝑓(𝑃𝑑 , 𝑃𝑠):   ∑ 𝑓𝑖(scenario 1) + 𝑓𝑖 (Scenario 2) +  𝑓𝑖  (Scenario 3) +  𝑓𝑖  (Scenario 4)365
𝑖=1  

(22) 

   Depending on supply-demand, a different scenario happens for each day (each time epoch), 

and the aggregation of 365 days is equal to the grid operation cost over a year.  
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3.9 Scenario-Based Objective Function and Constraints 

We have the following scenario-based objective functions: 
 

• Scenario 1: Battery is charging 

Day-ahead order + Renewable energy production exceeds the demand; we store the excess 

power. (In case demand and supply are equal, the battery level does not change) 

𝐶𝑎𝑝𝑎𝑐𝑖𝑡𝑦(𝑡) = (𝐶𝑎𝑝𝑎𝑐𝑖𝑡𝑦(𝑡−)) −  (∑ 𝑞𝑖𝑖  – (𝑃𝑑 + 𝑃𝑟))    (23) 

Based on this scenario corresponding to (16): 

𝑓(𝑃𝑑, 𝑃𝑠):   𝐶𝑑𝑃𝑑 + 𝐶𝑟𝑃𝑟 + [|𝐶𝑠 [∑ qii − (𝑃𝑑 + 𝑃𝑟)]discharged
charged

 |]    (24) 

Subject to: 

𝑃𝑑 , 𝑃𝑟 , 𝑎𝑛𝑑 𝑃𝑠 ≥ 0        (25) 

𝐶𝑑, 𝐶𝑟 , 𝑎𝑛𝑑 𝐶𝑠 ≥ 0       (26) 

0 ≤  𝐶𝑎𝑝𝑎𝑐𝑖𝑡𝑦𝑚𝑎𝑥 ≤ 1200MWh      (27) 

𝐶𝑎𝑝𝑎𝑐𝑖𝑡𝑦(𝑡−) ≤ [𝑃𝑠]𝐶ℎ𝑎𝑟𝑔𝑒  ≤ 𝐶𝑎𝑝𝑎𝑐𝑖𝑡𝑦(𝑀𝑎𝑥)     (28) 

𝐶𝑎𝑝𝑎𝑐𝑖𝑡𝑦(𝑡) −  𝐶𝑎𝑝𝑎𝑐𝑖𝑡𝑦(𝑡−) ≥ 0      (29) 

According to (30), ∑ 𝑞𝑖𝑖  – (𝑃𝑑 + 𝑃𝑟) is less than 0, so we must use (charge) battery. 

∑ 𝑞𝑖𝑖  – (𝑃𝑑 + 𝑃𝑟) ≤ 0        (30) 

According to the constraint (31), ∑ 𝑞𝑖𝑖 − (𝑃𝑑 + 𝑃𝑟) determines the battery level change. 

∑ 𝑞𝑖𝑖 − (𝑃𝑑 + 𝑃𝑟) = (𝐶𝑎𝑝𝑎𝑐𝑖𝑡𝑦(𝑡) − 𝐶𝑎𝑝𝑎𝑐𝑖𝑡𝑦(𝑡−))    (31) 

 

• Scenario 2: Battery is discharging 

Day-ahead order + renewable production falls under demand, we discharge the storage system 

to meet the demand. 

𝐶𝑎𝑝𝑎𝑐𝑖𝑡𝑦(𝑡) = (𝐶𝑎𝑝𝑎𝑐𝑖𝑡𝑦(𝑡−)) − (∑ 𝑞𝑖𝑖  – (𝑃𝑑 + 𝑃𝑟))    (32) 

Based on the scenario corresponding to (17): 
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𝑓(𝑃𝑑, 𝑃𝑠):   𝐶𝑑𝑃𝑑 + 𝐶𝑟𝑃𝑟 + [|𝐶𝑠 [∑ qii − (𝑃𝑑 + 𝑃𝑟)]discharged
charged

 |]   (33) 

 

Subject to: 

𝑃𝑑 ,  𝑃𝑟 , 𝑎𝑛𝑑 𝑃𝑠 ≥ 0       (34) 

𝐶𝑑, 𝐶𝑟 , 𝑎𝑛𝑑 𝐶𝑠 ≥ 0       (35) 

0 ≤  𝐶𝑎𝑝𝑎𝑐𝑖𝑡𝑦𝑚𝑎𝑥 ≤ 1200MWh      (36) 

0 ≤ [𝑃𝑠]𝐷𝑖𝑠𝑐ℎ𝑎𝑟𝑔𝑒 ≤ 𝐶𝑎𝑝𝑎𝑐𝑖𝑡𝑦(𝑡−)      (37) 

𝐶𝑎𝑝𝑎𝑐𝑖𝑡𝑦(𝑡−) − 𝐶𝑎𝑝𝑎𝑐𝑖𝑡𝑦(𝑡) ≥ 0      (38) 

According to (39), ∑ 𝑞𝑖𝑖  – (𝑃𝑑 + 𝑃𝑟) is more than 0, so we must use (discharge) battery. 

∑ 𝑞𝑖𝑖  – (𝑃𝑑 + 𝑃𝑟) ≥ 0       (39) 

According to the constraint (40), ∑ 𝑞𝑖𝑖 − (𝑃𝑑 + 𝑃𝑟) is equal to battery level change. 

∑ 𝑞𝑖𝑖 − (𝑃𝑑 + 𝑃𝑟) = (𝐶𝑎𝑝𝑎𝑐𝑖𝑡𝑦(𝑡−) − 𝐶𝑎𝑝𝑎𝑐𝑖𝑡𝑦(𝑡))    (40) 

 

• Scenario 3: Real-time power is added: 

Day-ahead order + renewable production falls under demand and the storage system is emptied. 

Grid system orders up to 1000MWh penalty-free real-time power. 

𝐶𝑎𝑝𝑎𝑐𝑖𝑡𝑦(𝑡) = (𝐶𝑎𝑝𝑎𝑐𝑖𝑡𝑦(𝑡−)) − (∑ 𝑞𝑖𝑖  – (𝑃𝑑 + 𝑃𝑟 + 𝑃𝑠)    (41) 

Based on the scenario corresponding to (18),  
 

 𝑓(𝑃𝑑, 𝑃𝑠): 𝐶𝑑𝑃𝑑 + 𝐶𝑟𝑃𝑟 + |𝐶𝑠 [(∑ qii − (𝑃𝑑 + 𝑃𝑟))]discharged
charged

| + [𝐶𝑏[(∑ qi i − (𝑃𝑑 + 𝑃𝑟 +

𝑃𝑠))]]𝑃𝑑(𝑢𝑠𝑒𝑑)+𝑃𝑟(𝑢𝑠𝑒𝑑)+𝑃𝑠(𝑒𝑚𝑝𝑡𝑦)

1000𝑀𝑊ℎ  

(42) 
Constraints: 

𝑃𝑑 ,  𝑃𝑟 , 𝑃𝑠, 𝑎𝑛𝑑 𝑃𝑏 ≥ 0      (43) 

𝐶𝑑, 𝐶𝑟 , 𝐶𝑠, 𝑎𝑛𝑑 𝐶𝑏 ≥ 0      (44) 

0 ≤  𝐶𝑎𝑝𝑎𝑐𝑖𝑡𝑦𝑚𝑎𝑥 ≤ 1200MWh      (45) 
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0 ≤ [𝑃𝑠]𝐷𝑖𝑠𝑐ℎ𝑎𝑟𝑔𝑒 ≤ 𝐶𝑎𝑝𝑎𝑐𝑖𝑡𝑦(𝑡−)      (46) 

𝐶𝑎𝑝𝑎𝑐𝑖𝑡𝑦(𝑡−) − 𝐶𝑎𝑝𝑎𝑐𝑖𝑡𝑦(𝑡) ≥ 0     (47) 

According to (48), ∑ 𝑞𝑖𝑖  – (𝑃𝑑 + 𝑃𝑟 + 𝑃𝑠) is more than 0, and the battery is emptied, so we have 

to order real-time balance. 

∑ 𝑞𝑖𝑖  – (𝑃𝑑 + 𝑃𝑟 + 𝑃𝑠) ≥ 0      (48) 

According to constraint (49), demand and supply difference is equal to negative amount of 

battery level.  

∑ 𝑞𝑖𝑖  – (𝑃𝑑 + 𝑃𝑟 + 𝑃𝑠) = 𝐶𝑎𝑝𝑎𝑐𝑖𝑡𝑦(𝑡) − 𝐶𝑎𝑝𝑎𝑐𝑖𝑡𝑦(𝑡−)      (49) 

𝑃𝑏 value is calculated by (50): 

𝐶𝑎𝑝𝑎𝑐𝑖𝑡𝑦(𝑡) = (𝐶𝑎𝑝𝑎𝑐𝑖𝑡𝑦(𝑡−)) − (∑ 𝑞𝑖𝑖  – (𝑃𝑑 + 𝑃𝑟 + 𝑃𝑠)    (50) 

• Scenario 4: Real-time balancing plus penalty is added: 

Day-ahead order + renewable production falls under demand, the storage system is emptied, and 

1000MWh emission penalty-free real-time power is used. The penalty included real-time order 

adds in this scenario. 

𝐶𝑎𝑝𝑎𝑐𝑖𝑡𝑦(𝑡) = (𝐶𝑎𝑝𝑎𝑐𝑖𝑡𝑦(𝑡−)) − (∑ 𝑞𝑖𝑖  – (𝑃𝑑 + 𝑃𝑟 + 𝑃𝑠 + 𝑃𝑏)  (51) 

Based on scenario corresponding to (19): 
 
 

 𝑓(𝑃𝑑, 𝑃𝑠): 𝐶𝑑𝑃𝑑 + 𝐶𝑟𝑃𝑟 +  |𝐶𝑠 [(∑ qi i − (𝑃𝑑 + 𝑃𝑟))]discharged
charged

| + [𝐶𝑏[(∑ qii − (𝑃𝑑 +

𝑃𝑟 + 𝑃𝑠))]]𝑃𝑑(𝑢𝑠𝑒𝑑)+𝑃𝑟(𝑢𝑠𝑒𝑑)+𝑃𝑠(𝑒𝑚𝑝𝑡𝑦)

1000𝑀𝑊ℎ +  [𝐶𝑏−𝑒[(∑ qii − (𝑃𝑑 + 𝑃𝑟 + 𝑃𝑠 +

 𝑃𝑏))]]𝑃𝑑(𝑢𝑠𝑒𝑑)+𝑃𝑟(𝑢𝑠𝑒𝑑)+𝑃𝑠 (𝑒𝑚𝑝𝑡𝑦)+1000𝑀𝑊ℎ
~5000𝑀𝑊ℎ(𝑏𝑙𝑎𝑐𝑘−𝑜𝑢𝑡)

 

(52) 
 

Subject to: 

𝑃𝑑 ,  𝑃𝑟 , 𝑃𝑠, 𝑃𝑏 , 𝑃𝑏−𝑒 ≥ 0       (53) 

𝐶𝑑, 𝐶𝑟 , 𝐶𝑠, 𝐶𝑏 , 𝑎𝑛𝑑 𝐶𝑏−𝑒 ≥ 0       (54) 

0 ≤  𝐶𝑎𝑝𝑎𝑐𝑖𝑡𝑦𝑚𝑎𝑥 ≤ 1200MWh      (55) 
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0 ≤ [𝑃𝑠]𝐷𝑖𝑠𝑐ℎ𝑎𝑟𝑔𝑒 ≤ 𝐶𝑎𝑝𝑎𝑐𝑖𝑡𝑦(𝑡−)      (56) 

𝐶𝑎𝑝𝑎𝑐𝑖𝑡𝑦(𝑡−) − 𝐶𝑎𝑝𝑎𝑐𝑖𝑡𝑦(𝑡) ≥ 0      (57) 

According to (58), ∑ 𝑞𝑖𝑖  – (𝑃𝑑 + 𝑃𝑟 + 𝑃𝑠 + 𝑃𝑏) is more than 0, the battery is emptied, real-time 

balance is used, so we must order real-time penalty added. 

∑ 𝑞𝑖𝑖  – (𝑃𝑑 + 𝑃𝑟 + 𝑃𝑠  + 𝑃𝑏) ≥ 0      (58) 

According to constraint (59), demand and supply difference is equal to negative amount of 

battery level.  

∑ 𝑞𝑖𝑖  – (𝑃𝑑 + 𝑃𝑟 + 𝑃𝑠 + 𝑃𝑏) = 𝐶𝑎𝑝𝑎𝑐𝑖𝑡𝑦(𝑡) − 𝐶𝑎𝑝𝑎𝑐𝑖𝑡𝑦(𝑡−)     (59) 

𝑃𝑏−𝑒 value is calculated by (60): 

𝐶𝑎𝑝𝑎𝑐𝑖𝑡𝑦(𝑡) = (𝐶𝑎𝑝𝑎𝑐𝑖𝑡𝑦(𝑡−)) − (∑ 𝑞𝑖𝑖  – (𝑃𝑑 + 𝑃𝑟 + 𝑃𝑠 + 𝑃𝑏)    (60) 

3.10 Input Parameters 

• Day-Ahead Order (𝑷𝒅): Day-ahead is placed based on forecasted demand and actual 

previous-day demand (discussed in section 4.2). The order must be placed one day before 

the operating day. 
o Day-ahead order cost (𝑪𝒅): Day-ahead order cost during peak hours is averaged $45. The 

order is placed one day in advance; the price is paid even if the order amount is not fully used. 

 

• Wind Power (𝑷𝒓): TVA currently generates ~1.5% wind power of the total generation and has 

plans to increase it.  
o Wind power cost (𝑪𝒓): According to International Renewable Energy Agency (IRENA), the 

levelized wind power generation cost is estimated at $25 to $45 per megawatt-hour. This 

research assumes $35 per MWh.  
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• Storage energy (𝑷𝒔): We run the model for the 24 battery sizes ranging from 0MWh to 

1200MWh with increments of 50MWh, with the constant release of power-amps. Increments 

of 50MWh help the grid and regulators to evaluate different battery sizes and their benefits 

for the system in terms of cost. 
o Battery cost (𝑪𝒔): The levelized cost of the battery is estimated at $80 per megawatt-hour. 

U.S. National Renewable Energy Laboratory projects the cost of Utility-Scale battery storage 

continues to decrease (can be adjusted by the user). Chapter 2 contains more information on 

battery benefits and government incentives. 

 

• Real-time order (𝑷𝒃−𝒆): The real-time order is needed when day-ahead, wind power, and the 

battery is used, and demand is still higher than supply. The real-time generation comes from 

the spinning reserve, non-spinning reserve (supplemental reserve), or other interconnected 

grids.   
o Real-time order cost (𝑪𝒃−𝒆): Based on the Energy Information Administration reports and 

depending on real-time power generation used in grids, peak hours real-time generation cost 

is estimated at $300MWh. 

 

• Penalty added real-time order (𝑷𝒃−𝒆): U.S. Environmental Protection Agency (EPA) is 

considering a fine to limit the use of coal and liquid petroleum that is largely used for real-

time power generation (www.c2es.org). Fast response natural gas turbines are cleaner 

burning sources but still emit large amounts of CO2 and Methane. 
o Penalty added real-time order cost (𝑪𝒃−𝒆): Penalty added real-time order is estimated at 

$600 MWh for the generation above 1000MWh, including fines leveraged by some district 

Air Quality Management. 

• Predicted demand (𝒒̂𝒊): Based on previous years (2015-2019). 

• Real-time actual demand (𝒒𝒊): Consumer demand (2019-2020). 

http://www.c2es.org/
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3.11 Demand Forecasting (𝒒̂𝒊(𝒕)) 

As part of the Day-ahead order process and to forecast the demand, we use the open-source FB-

Prophet* forecasting model that combines more than twelve configurable models with analyst-

in-the-loop performance analysis, implemented in the R and Python. It addresses periodic and 

non-periodic effects on power demand that naturally arise and can be expected in time series 

generated by human actions (Taylor and Letham, 2018). This procedure captures and represents 

the main components of trend, seasonality, and holidays of the previous four years of Tennessee 

region power demand (TVA) available at the U.S. Energy Information Administration website 

(www.EIA.com). 

The models are combined in the following equation (with normally distributed error term of 𝜀𝑡). 

𝑦(𝑡) =  𝑔(𝑡) +  𝑠(𝑡) +  ℎ(𝑡) +  𝜀𝑡 

1- Trend 𝒈(𝒕): The general non-periodic direction of demand, affected by the value of time 

series.  

2- Seasonality 𝒔(𝒕): Represents periodic changes in the demand, which depends on factors 

such as temperature changes throughout the year. 

3-  Holidays 𝒉(𝒕): Represents the repetitive specific events on demand such as holidays. 

• Trend 𝐠(𝐭):  

For growth forecasting, the main component of data generating is a model that captures how the 

demand of users has grown and how it is expected to grow in the future. This is captured such as 

population growth in natural ecosystems, where nonlinear growth exists with carrying capacity. 

The logistic g(t) trend model that FB-Prophet captures is: 

𝒈(𝒕) =
𝐶

1+exp (−𝐾(𝑡−𝑚)
      (61) 

With C is time-varying carrying capacity, k the growth rate, and m an offset parameter. 

In trend forecasting, carrying capacity and growth rate is not constant. The model incorporates 

trend changes in the growth model by specifically characterizing changepoints. Let’s say there 

http://www.eia.com/
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are S change points 𝑠𝑗, j=1, …, S. The model characterizes a vector of rate adjustments 𝛿 ∈  ℝ𝑠 , 

where 𝛿𝑗 is the change that happens in the rate at the time of 𝑠𝑗. 

This can be shown by defining a vector 𝒂(𝑡) ∈ {0, 1}s as: 

𝑎𝑗(𝑡) = {
1, 𝑖𝑓 𝑡 ≥ 𝑠𝑗 ,

0,       otherwise.
     (62) 

The rate at time 𝑡 is 𝑘 + 𝑎(𝑡)𝑇𝛿. The rate 𝑘 and offset parameter m must become adjusted to 

connect the endpoint of segments. The adjustment at change point 𝑗 is calculated as: 

𝛾𝑗 = (𝑠𝑗 − 𝑚 −  ∑ 𝛾𝜄𝜄<𝑗 ) (1 −
𝑘+∑ 𝛿𝜄𝜄<𝑗

𝑘+∑ 𝛿𝜄𝜄≤𝑗
)     (63) 

The growth model is then 

𝒈(𝒕) =  
𝐶(𝑡)

1+exp (−(𝐾+𝑎(𝑡)𝜏𝛿)(𝑡−(𝑚+𝑎(𝑡)𝜏𝛾)))
     (64) 

• Seasonality 𝒔(𝒕): 

Demand time series usually experience different seasonality, based on human behaviors. For 

example, 5-day work week affects time series that repeat each week; likewise, different seasons 

and temperatures make effects that repeat each season. To fit and predict these effects, the FB-

Prophet uses seasonality models that are periodic functions of t. There are factors such as 

temperature that affect human-industry behavior in power demand. 

𝒔(𝒕) = ∑ (𝑎𝑛 cos (
2πnt

𝑃
) + 𝑏𝑛 sin (

2πnt

𝑃
)𝑁

𝑛=1      (65) 

The model, approximate arbitrary smooth seasonal effects with a standard Fourier series. To 

capture the periodic effect, the model considers P the regular 365 days of the year. Fitting 

seasonality requires making a matrix of seasonality vector for the time t. For example, with yearly 

seasonality, fitting seasonality needs estimating 2N parameters 𝛽 = [𝑎1, 𝑏1, … , 𝑎𝑁 , 𝑏𝑁]𝛾 and 

constructing a matrix of seasonality vectors for each value of t. For instance, with a yearly 

seasonality and 𝑁 = 4, we have: 

𝑋(𝑡) = [cos (
2π(1)t

365
) , … , sin (

2π(4)t

𝑃
)    (66) 
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The seasonal component is then  𝑠(𝑡) = 𝑋(𝑡)β. And β ~ (0, 𝜎2) to capture a smoothing prior 

on seasonality. 

• Holidays 𝒉(𝒕): 

Specific days and events such as Christmas, Thanksgiving, Super Bowl, etc., may cause shocks 

in demand and usually do not follow a periodic pattern. For instance, Thanksgiving is on the 

fourth Thursday in November. Super Bowl is one of the largest televised events on a Sunday in 

January or February, which is difficult to capture programmatically. This is true for many major 

holidays and events around the world. However, the impact of each specific event on the time 

series is often similar for each year. Hence, it is important to incorporate them into forecasting.  

The FB-prophet model adds an indicator function for time t during holiday 𝑖 and gives each 

holiday a specific parameter 𝒌𝒊. For each holiday 𝑫𝒊, the model gives 𝒌𝒊 which is the 

corresponding change to the forecast. 

𝑍(𝑡) = 1 (t ∈  𝐷1), … , (t ∈  𝐷𝐿)     (67) 

ℎ(𝑡) = 𝑍(𝑡)κ      (68) 

Same as the seasonality, we use  𝐾 ~ 𝑁𝑜𝑟𝑚𝑎𝑙(0, 𝜐2). 
 

Besides the mean-squared error, measures the quality estimate, with a good visualization tool 

and when the fit is plotted over historical data, it is visible if there were change points that were 

missed (Taylor and Letham, 2018).   



 90 

Chapter 4 

Results within a Case Study 

 

4.1 Model Verification 

4.1.1 Explanation of Case Study and Measurements 

The recent Order No. 841 from Federal Energy Regulatory Commission requires market operators 

to establish a utility-scale storage capacity-load to be able to participate in the capacity market. 

The operators have to revise their tariffs and establish a participation model according to market 

rules, including the physical characteristics of the storage system. Tennessee Valley Authority 

(TVA) can be an appropriate setting to be taken as a case for implementing utility-scale electric 

storage source as capacity, energy, ancillary, arbitrage, and, more importantly, to reduce the 

power generation emission during the peak hours demand. TVA is an independent, government-

owned corporation and provides a range of electric service functions to other utilities for 

distribution to end-users. It owns more than 90% of Tennessee’s electric generating capacity and 

more than 60% of the power plants, including the ten largest power plants in the state.  

 The United States Energy Information Center (www.eia.gov) releases detailed and regional 

information regarding the energy within the United States as well as connected grids of Canada 

and Mexico to the United States. We used EIA to extract Tennessee regional data related to the 

daily electricity demand curve shown in Figure 4.1. Furthermore, we have assigned overall costs 

and general assumptions to the involved power resources based on International Renewable 

Energy Agency (IRNA), and TVA data catalogs discussed in the literature review. Costs and other 

selected parameters can be updated depending on participants’ measurements to have the 

model synched with the user processes. For example, TVA or any entity using this model can 

update the parameters based on the availability of the source, rates, and measures. Figure 4.1 

shows all the involved parameters.  
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Figure 4.1: Flowchart of supply chain and involved resources.  
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According to the recent four years data, the peak hours, such as 5pm to 6pm (can be different in 

different seasons), are the periods that cause the most uncertainty and error in day-ahead (𝑃𝑑) 

order. This uncertainty results in higher costs on real-time (𝑃𝑏) order and consequently more 

emission. With this in mind, we have taken 365 days of the Tennessee region electricity demand 

(shown in Figure 4.2) for the most variable period (5pm to 6pm) to run/test our model on the 

data and evaluate how optimized day-ahead order (𝑃𝑑) and battery size (𝑃𝑠) reduce the overall 

cost of the system over a year. Detail will be discussed in section 4.4. 

The intelligent battery software and computerized control systems use real-time information 

to charge/discharge battery storage depending on the supply-demand balance. Based on current 

technology and market availability, we input different battery sizes between 0MWh to 1200MWh 

with increments of 50MWh. This capacity can be updated by the grid depending on the system 

characteristics.  

According to the literature review, the levelized cost of lithium-ion batteries is experiencing a 

fall of 76% from 2012 and has arrived at $150 per megawatt-hour in 2018, and it is predicted to 

continue its decrease to less than $70 by 2030 due to mass production and battery material 

development. On the other side, current environmental issues and excess greenhouse gasses 

continue to increase the cost of fossil fuels being used for real-time power generation. The above-

mentioned points support the Federal Energy Regulatory Commission's decision on using the 

batteries as the capacity source. 

4.2 Day-ahead Order (𝑷𝒅) 

4.2.1 Day-ahead Order Forecasting (α × 𝒒̂) 
 

Day-ahead demand forecasting is performed to use it as day-ahead order. We have collected the 

previous five years of data for the peak hour 5pm to 6pm, and the results follow a similar pattern 

throughout these 356 days. The schematic view of these years is shown as Stacked Daily Demand 

in the following data series. Figure 4.3 represents the 365 days between 26/7/2015 to 25/7/2016 

(as series 1) until 26/7/2019 to 25/7/2020 (as series 5 - on the top). 
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Figure 4.2: Tennessee Electricity Demand and Supply Balance (Source: eia.gov). 

 

 

 

 

  

Figure 4.3: 5x 365 Days of Tennessee Region (TVA) Demand, Overlapped Charts. 
X-axis=day; Y-axis=MWh 
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The Figure 4.4 has the same approach; however, the series are plotted on each other to show 

the demand pattern similarity over the five years. 

According to the FB-Prophet forecasting method discussed in Chapter 3, to make a relation 

between the dependent variable (demand) and the independent variable (time), and to find the 

best fit line for the power demand, we considered the available data for 365 days of each year 

from 2015 to 2019 and used open-source FB-prophet model to predict the demand for day-ahead 

order. It is a forecasting model that addresses periodic and non-periodic effects that naturally 

arise and can be expected in time series generated by human actions. 

As discussed in Chapter 3, we use the first four years of data to predict the 5th year, and 

furthermore we run/test the model on the 5th year as a case study. Pattern visualization shows 

the forecast is fitted and can describe the data. Also, we have received an R-squared of 0.74 

within the Residual standard error of 2367 MWh. In summary: 

• Predicted demand is fitted on actual demand. 

• Pattern visualization and low residual standard error of 2367 MWh confirm the prediction 

estimates the actual demand. 

• The average daily demand of peak hour is 19884 MWh 

• R-squared (Coefficient of determination): 0.74 

Figure 4.5 shows how the forecasted demand is fitted on the actual demand (5th year). 

As discussed in Chapter 3, we use the first four years of data to predict the 5th year, and 

furthermore we run/test the model on the 5th year as a case study. Pattern visualization shows 

the forecast is fitted and can describe the data. Also, we have received an R-squared of 0.74 

within the Residual standard error of 2367 MWh. In summary: 

• Predicted demand is fitted on actual demand. 

• Pattern visualization and low residual standard error of 2367 MWh confirm the prediction 

estimates the actual demand. 

• The average daily demand of peak hour is 19884 MWh 

• R-squared (Coefficient of determination): 0.74 

Figure 4.5 shows how the forecasted demand is fitted on the actual demand (5th year). 
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Figure 4.4: 5x 365 Days of Tennessee Region (TVA) Demand, Stacked charts. 
X-axis=day; Y-axis=MWh 

 

 

 

 

  

Figure 4.5: Fitting the forecasted demand on the 2019-2020 actual demand. 
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4.2.2 Day-ahead Order Forecasting ((𝟏 − α) × 𝒒𝑷𝒓𝒆𝒗𝒊𝒐𝒖𝒔−𝒅𝒂𝒚) 

The U.S. Energy Administration website releases the regional hourly demand amount. Hence, the 

actual previous day demand is known for grid systems. Figures 4.6 and 4.7 show the previous-

day actual demand (𝑞𝑃𝑟𝑒𝑣𝑖𝑜𝑢𝑠−𝑑𝑎𝑦) is known at the time of day-ahead order and will be taken as 

a factor in determining the day-ahead order (𝑃𝑑). 

4.3 Input Values  
Day-Ahead Order (𝑷𝒅): Two factors are considered for calculating the day-ahead order. 

Forecasted demand (α × 𝑞̂(𝑡)) and Previous-day actual demand weight (1- α)× 𝑞𝑃𝑟𝑒𝑣𝑖𝑜𝑢𝑠−𝑑𝑎𝑦(𝑡) 

(discussed in sections 3.10 and 4.2). The order must be placed one day before the operating day. 

Day-ahead order cost (𝑪𝒅): Day-ahead order cost during peak hours is higher than during regular 

hours, and according to TVA, it costs an average of $45 per megawatt-hour. The order is placed 

one day in advance, and the price is paid even if the order amount is not fully used. 

Wind Power (𝑷𝒓): TVA currently generates ~1.5% wind power of the total generation and has 

plans to increase it. This research assumes that wind power supplies 1% of electricity demand 

(Tennessee region) (discussed in Chapter 2). 

Wind power cost (𝑪𝒓): According to International Renewable Energy Agency (IRENA), the 

levelized wind power generation cost is estimated at $25 to $45 per megawatt-hour. This 

research assumes $35 per MWh. 

Battery Size (𝑷𝒔): We run the model for the 24 battery sizes ranging from 0MWh to 1200MWh 

with increments of 50MWh, with the constant release of power-amps. It helps the grid and 

regulators to evaluate different battery sizes and its benefits for the system in terms of cost. It is 

important to note the maximum capacity for the battery is determined by market availability 

(1200MWh) or residual standard error (2,367MWh) of forecasted and actual demand, whichever 

is smaller.  

Battery cost (𝑪𝒔): The levelized cost of battery operation is estimated at $80 per megawatt-hour 

and the average battery lifetime is 15 years based on literature. U.S. National Renewable Energy 

Laboratory projects the cost of Utility-Scale battery storage continues to decrease (adjustable by 
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Figure 4.6: Tennessee Electricity Demand and Supply Balance (Source: eia.gov). 

 

 

 

 

 
Figure 4.7: Previous-day demand is known for day-ahead order. 
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 the user). Chapter 2 contains more information on battery costs, benefits, and government 

incentives for users. 

Real-time balancing order (𝑷𝒃): It is needed when demand is more than forecasted demand. 

Real-time order cost (𝑪𝒃): The average peak-hours real-time order cost is estimated at $300 per 

megawatt-hour for spinning and non-spinning reserve (supplemental reserve).  

Penalty added real-time order (𝑷𝒃−𝒆): U.S. Environmental Protection Agency (EPA) is considering 

a fine to limit natural gas power plants (mainly used for real-time power generation) on the 

amount of carbon dioxide per megawatt-hour of electricity produced (www.c2es.org).  

Penalty added real-time order cost (𝑪𝒃−𝒆): Penalty added real-time order is estimated at $600 

per megawatt-hour for the real-time generation above 1000MWh, which may come from fast-

start generators or other interconnected grids/power plants. 

Predicted demand (𝒒̂𝒊): Based on previous years (2015-2019) 

Real-time actual demand (𝐪𝐢): Consumer demand (2019-2020). 

Table 4.1 summarizes the system parameters and their values. It is worth mentioning the 

involved resources, and their values are adjustable for different grids. 

4.4 Numerical Results 

4.4.1 Day-ahead Order Results 
 

Running the model for one peak hour during 365 days of the year 2019-2020 results in a minimum 

cost of $412,266,808 by utilizing ~850MWh battery, giving 13% weight to the forecasted demand 

and by giving 87% weight to the previous-day actual demand. The problem is solved by the 

simulation optimization model explained in sections 3.7 and 3.8. The year 2020-2021 is ignored 

due to the impact of covid-19 pandemic on power demand (Haxhimusa & Liebensteiner, 2021). 

The objective of the optimization model is to minimize the grid cost, and the minimum cost 

happens by optimizing the battery size and giving optimum weights to the forecasted day-

ahead(α × 𝑞̂(𝑡)) and previous-day demand [(1- α)× 𝑞𝑃𝑟𝑒𝑣𝑖𝑜𝑢𝑠−𝑑𝑎𝑦]. Hence, the optimized day-

ahead order amount is based on combining these two parameters’ weights, ranging from 0% to 

100% with 1% increments. Shown in Figure 4.8.  

http://www.c2es.org/
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Table 4.1: System parameters and their values. 

System Parameters Values 

𝑷𝒅 Day-Ahead Order 

𝑪𝒅 $45/MWh 

𝑷𝒓 0.01𝑃𝑑 

𝑪𝒓 $35/MWh 

𝑷𝒔  [∑ 𝑞𝑖𝑖 − (𝑃𝑑 + 𝑃𝑟)]
𝑃𝑠(𝐷𝑖𝑠𝑐ℎ𝑎𝑟𝑔𝑒)

𝑃𝑠(𝐶ℎ𝑎𝑟𝑔𝑒)
 

𝑪𝒔 $80/MWh 

𝑷𝒃  [∑ 𝑞𝑖𝑖 − (𝑃𝑑 + 𝑃𝑟 + 𝑃𝑠)]𝑃𝑑(𝑢𝑠𝑒𝑑)+𝑃𝑟(𝑢𝑠𝑒𝑑)+𝑃𝑠 (𝑒𝑚𝑝𝑡𝑦)

1000𝑀𝑊ℎ  

𝑪𝒃 $300/MWh 

𝑷𝒃−𝒆  [∑ 𝑞𝑖𝑖 − (𝑃𝑑 + 𝑃𝑟 + 𝑃𝑠 + 1000)]𝑃𝑑(𝑢𝑠𝑒𝑑)+𝑃𝑟(𝑢𝑠𝑒𝑑)+𝑃𝑠 (𝑒𝑚𝑝𝑡𝑦)+1000
5000𝑀𝑊ℎ  

𝑪𝒃−𝒆 $600/MWh 

𝒒𝒊 Previous-Day Actual Demand Is Taken as Sample (June2019 to 

June2020) 

𝒒̂𝒊 Forecasted Demand 

 

 

 

 

 

 

 

 

Figure 4.8: Schematic view of day-ahead order calculation. 
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• Day-ahead order: Two factors are considered to optimize the day-ahead order amount. 

1) 13% forecasted demand: This addresses periodic and non-periodic effects naturally arise 

and can be expected in time series generated by human actions.  

2) 87% Previous-day demand: This considers the similarity of power consumption for two 

consequent days. For example, today’s power consumption between the hours 5pm to 

6pm is a factor to calculate day-ahead order for the next day between the hours 5pm to 

6pm. 

• Storage size: The minimum operation cost for the year 2019-2020 is obtained with an 

850MWh battery. The maximum potential storage size is 1200MWh. This is based on current 

market availability and technology. 

Figure 4.9.  shows the impact of battery capacity and day-ahead order on the cost. As 

discussed in Section 4.4.1, day ahead order comes from combining two factors. Day-ahead 

forecast and previous-day demand. With this, the percentage is the given weight (0% to 100%) 

to these two factors to calculate the optimum combination that results in minimum operation 

cost. Chapter 5 discuss the results and explains how grid operators and regulatory agencies can 

utilize the results. 

The results show that utilizing an 850MWh battery can lower the operation cost from 

$417,802,000 to $412,266,000. This means yearly savings up to ~$5,536,000 if TVA utilizes 

battery one-hour per day for 365 days. 

4.4.2 Sensitivity Analysis on Storage Size 
 

Figure 4.10 shows the impact of different battery sizes on the operation cost. The potential 

battery size ranges from 0MWh to 1200MWh with increments of 100MWh. Running the model 

for different battery sizes helps grid systems to evaluate their potential savings. At the same time, 

it helps regulatory agencies to examine their rules and design policy incentives such as capacity 

payment, direct grants, feed-in-tariffs, and tax credits to encourage developing the battery 

integration.  
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Figure 4.9: Day-ahead order and battery size effects on operation cost. 
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Figures 4.10: The impact of battery size on the operation cost. 

 

  

$418 

$416 
$416 $415 $415 

$415 
$414 

$413 $413 $413 
$412 

$413 

$415 

$417 
$416 

$417 
416.737

416.059

418.219

$409

$410

$411

$412

$413

$414

$415

$416

$417

$418

$419

0 100 200 300 400 500 600 700 800 850 875 900 1000110012001300140015001600

M
ill

io
n

s

Operation cost with different battery sizes



 103 

It is important to note that the model input values are adjustable based on price changes and by 

different grids/users depending on their sources and specifications. For example, a grid with a 

higher supply rate and higher generation cost is likely to need larger batteries to proportionally 

save more on the costs.  

4.4.3 Carbon Footprint Reductions 
 

According to the U.S. Environmental Protection Agency (EPA), the national average carbon 

dioxide output rate for electricity generated in 2018 was 947.2 lbs CO2 per megawatt-hour (EPA, 

2020). With this, utilizing 850MWh battery saves up to 364.65 metric tons of CO2 over a year 

during one peak-hear without penalizing operation. 

947.2 lbs CO2 per MWh x 850 MWh = ~805,120 lbs CO2    (69) 

Equal to: 

0.429 metric ton CO2 per MWh x 850 MWh= ~364.65 metric tCO2   (70) 

A robust assessment of the social cost of carbon (SC-CO2) is performed by Interagency Working 

Group on Social Cost of Greenhouse Gasses under executive order 13990 

(www.Whitehouse.gov). It allows different sections to understand the social benefits of reducing 

emissions of greenhouse gases. The social cost of greenhouse gases is the monetary value of the 

net harm to society associated with adding the emission (one metric ton) to the atmosphere each 

year. 

It considers the total climate change impacts in: 

• Agricultural productivity 

• Human health effects 

• Property damage based on flood risk 

• Disruption of energy systems, 

• Risk of conflict 

• Environmental migration 

• Value of ecosystem services 

http://www.whitehouse.gov/
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Theoretically, the social cost of CO2 is the appropriate value to use in conducting cost analyses of 

research/policies that affect emissions. 

4.4.4 Sensitivity Analysis of Carbon Footprint Reductions (2020-
2050) 
 

The Social Cost of CO2 (SC-CO2) is assigned $14 with a 5% discount rate. The Discount Rate in 

environmental science means the rate at which society (based on the factors mentioned above) 

is willing to trade off the present for future benefits. Based on equation (41), we calculate the 

potential saving of using 850MWh battery for one-hour peak-hour during 365 days of operation: 

In addition to the operation cost savings calculated in section 4.4.1, the social cost of CO
2
 for the 

year 2020 is: 
 

364.65 metric tCO2 x $14 x 365= $1,836,362     (71) 
 
 
Table 4.2 and Figure 4.11 represent the details on potential cost savings of utility-scale battery 

deployment. 

According to Executive Order 12866, the marginal estimate of CO2 social cost will differ by the 

year in which the emissions change occurs. The SC-GHGs is theoretically the value to use in 

conducting benefit-cost calculations/analyses of policies affecting GHG emissions.  
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Table 4.2: Yearly savings of battery utilization between the years 2020 to 2050. 

Emission year 5% Discount Rate 
(DR) 

SC-CO2 yearly savings 
of battery operation 

Aggregated SC-CO2 

and operation cost 
savings (5% DR) 

2020 $14 $1,836,362 7,372,362 

2025 $17 $2,229,868 8,042,668 

2030 $19 $2,492,205 8,595,645 

2035 $22 $2,885,711 9,294,323 

2040 $25 $3,279,217 10,008,259 

2045 $28 $3,672,724 10,738,218 

2050 $32 $4,197,398 11,616,167 

 
 
 
 
 
 

 
Figure 4.11: SC-CO2 Savings of battery operation 2020-2050. 
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Chapter 5 

Conclusion and Future Work 

 

The fact that power generation is one of the main sources of producing emissions and extra 

greenhouse gasses such as carbon dioxide and methane in the earth's atmosphere, requires 

power section procedures to be optimized and the share of sustainable energies to increase. 

Considering that, regulatory agencies have been promoting the regulations to accelerate the 

transition from fossil fuels to environmentally friendly and sustainable energies. The recent order 

No. 841 by Federal Energy Regulatory Commission that requires grid operators to integrate 

utility-scale battery storage as a capacity source is among the improvements mentioned above 

toward power optimization. 

This study aims to provide both the regulators and operators with a model that evaluates the 

integration of utility-scale storage systems with power grids. The model calculates the minimum 

cost through the day-ahead order and battery size optimization. We categorized the problem as 

simulation-based optimization with discrete decision variables that give a finite feasible set of 

input for multiple comparisons of those decision variables. Running the model based on different 

weights given to two factors impacting day-ahead order amount and different sizes of battery 

during peak-hear 5pm to 6pm over a year optimizes the decision variables discussed in Section 

4.4. 

We have taken TVA data as the case for our calculations; however, the model can be 

customized and adjusted for different grids depending on their resources and costs associated 

with their resources. On the other side, regulatory agencies can apply the model on different 

grids and customize the regulations according to the grid characteristic and available power 

generation resources. For example, the following factors can directly impact the results: 

• The higher power demand on a grid system increases the day-ahead prediction error, and 

consequently, larger battery size is needed. 

• As the battery becomes less expensive, the larger battery size can be utilized. 
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• The more expensive real-time power and penalty added real-time power become, the 

larger battery size will be calculated. 

 

Numerous industries are planning to shift their products from burning liquid petroleum to 

using Lithium-ion batteries. One of the popular industries is car manufacturers. All these updates 

are based on future expectations of mass production, material improvements, and the higher 

efficiency of batteries. At the same time, battery cost reduction is expected to facilitate the 

utilization process. Our proposed research will lead to improvements in the following future 

works: 

• User-friendly software can be developed to receive grid characteristics and demand-

related data as input and provide the user with day-ahead order amount and battery size.  

• Future researchers may involve transmission efficiency rats for all involved resources for 

a more exact answer. For example, the power transmission efficiency from/to the battery 

can be added to the model based on the system specifications. 

• Different grid systems may have different approaches to calculating day-ahead 

prediction. In this case, the model can receive the grid day-ahead prediction as a constant 

value and calculate the battery size as the decision variable.  

Government and regulatory agencies may develop and link this model to calculate tariffs or 

incentives for specific market operators. For example, the results on the battery size prediction 

can be a factor in evaluating monitory incentive on a battery installment project. 
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