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Abstract of Praxis 
 
 

Predicting Total Capital Costs and Life Cycle Costs for Grid-Level Energy 
Storage Systems 

 
 

Electric utility investors do not have a reliable tool to predict either the total 

capital costs or the life cycle costs of real-world electrical energy storage systems (ESSs). 

Total capital costs impact the amount of financial assets needed for initial investment. 

Life cycle costs are useful in projecting return on investment for ESSs that can cost 

multi-millions (U.S. dollars) to install. 

In the United States, legislative and regulatory requirements at the state and 

federal levels are the primary drivers for the use of grid-level energy storage. Nearly sixty 

percent of the states have developed mandates for the use of variable, intermittent 

renewable energy resources as part of their generation mix. These mandates, called 

Renewable Energy Portfolio Standards (RPSs), have due dates in the mid 2020s and 

come with potentially heavy fines for failure to implement. The applicable financial 

sector responsible to include renewables in the generation mix, which will necessitate the 

use of expensive electrical ESSs, is the investor-owned utility (IOU). 

Over the last decade, electric grid operators have discovered that in addition to 

using an ESS at generation, these systems are flexible enough to use at the transmission 

and distribution parts of the grid, providing more than the backbone for renewables like 

solar and wind power. Except for Texas, Hawaii, and Alaska, an ESS at transmission is 

an interstate exchange of wholesale electricity that is controlled by the Federal Energy 

Regulatory Commission (FERC). The FERC regulates interstate transmission and 

encourages competition in market settings. This agency developed several policies that 
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require electric utilities to include ESSs in their tariff structures because of energy 

storage’s technical performance and ability to follow market signals. It is the IOUs who 

bear the financial burden of failing to include energy storage as a grid asset. 

While most literature on energy storage technologies tend to compare theoretical 

investment costs against operating costs, this research will provide a process to estimate 

the total capital cost (TCC) and the life cycle cost (LCC) of ESSs based on real-world, 

operational systems. 
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Glossary of Terms 
 
 

Grid Services Glossary from the GESDB 

 

Term  Definition  
Announcement 
Date The date the project was publicly announced. 

Benefit Stream 
Affected The benefit stream(s) affected by this policy. 

Black Start 
A black start is the process of restoring a power station to 
operation without relying on the external electric power 
transmission network. 

Capital 
Expenditure 
(CAPEX) 

The total up-front capital expense of the system stated in dollars. 

Commissioning 
Date The date the project was electrically activated, or "turned on". 

Construction Date The date construction commenced on the project. 

Contracted A project that is Contracted is under signed contract to be built, 
however construction has not yet begun. 

Debt Provider The primary debt provider in the project. 
Decommissioning 
Date The date the project became inoperative or was "turned off". 

Developer The person or organization responsible for organizing the 
development and implementation of the energy storage project. 

Duration at Rated 
Power 

The amount of time (in HH:MM) the storage system can output at 
its rated power capacity. 

Effective Date  The date the policy becomes effective. 
Electric Bill 
Management 

Energy storage used by end-use customers in a variety of facets to 
reduce electric bills.  

Electric Bill 
Management w/ 
Renewables 

Energy storage used by end-use customers in several facets, and in 
conjunction with renewable generation resources, to reduce 
electric bills.  

Electric Energy 
Time Shift 

Energy time shift involves storing energy during low price times 
and discharging during high price times. 

Electric Supply 
Capacity  

Depending on the circumstances in a given electric supply system, 
energy storage could be used to defer and/or to reduce the need to 
buy new central station generation capacity and/or to ‘rent’ 
generation capacity in the wholesale electricity marketplace. 
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Term  Definition  

Electric Supply 
Reserve Capacity - 
Non-Spinning 

Generation capacity that may be offline, or that comprises a block 
of curtailable and/or interruptible loads, and that can be available 
within 10 minutes. Unlike spinning reserve capacity, non-spinning 
reserve capacity is not synchronized with the grid (frequency). 
Non-spinning reserves are used after all spinning reserves are 
online. 

Electric Supply 
Reserve Capacity - 
Spinning 

Generation capacity that is online but unloaded and that can 
respond within 10 minutes to compensate for generation or 
transmission outages. ‘Frequency-responsive’ spinning reserve 
responds within 10 seconds to maintain system frequency. 
Spinning reserves are the first type used when a shortfall occurs. 

Enacted Date  The day the policy was officially accepted.  
Energy Storage 
Project Name The official or unofficial title of the project. 

Energy Storage 
Technology 
Provider 

The company that provides the energy storage technology itself.  

EPC 
Stands for "Engineering, Procurement, Construction" - Identifies 
the entity or entities that performed any or all of these services for 
the project.  

Equity Owner The (or one of the) owner(s) of the system, or the entity that holds 
"title" to the equipment. 

Equity Owner 
Percentage The percent equity held by each owner of the project. 

Expiration Date The day on which the policy is no longer effective. 

Frequency 
Regulation 

Frequency regulation involves moment-to-moment reconciliation 
of the supply of electricity and the demand for electricity. The 
reconciliation is done every few seconds. So, at any given 
moment, if electricity demand exceeds supply then the supply is 
increased to meet demand. And, if demand is less than supply then 
the supply is decreased. 
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Grid Services Glossary from the GESDB 

 

Term  Definition  

Grid Connected 
Commercial 
(Reliability & 
Quality) 

The electric reliability application entails use of energy storage to 
provide highly reliable electric service. In the event of a complete 
power outage lasting more than a few seconds the storage system 
provides enough energy to a) ride through outages of extended 
duration or b) to complete an orderly shutdown of processes, c) 
transfer to on-site generation resources. The electric power quality 
application involves use of energy storage to protect loads 
downstream against short duration events which affect the quality 
of power delivered to the load. Some manifestations of poor power 
quality include: • variations in voltage magnitude, (e.g., short-term 
spikes or dips, longer-term surges, or sags) • variations in the 
primary 60 cycles/sec frequency at which power is delivered • low 
power factor (voltage and current excessively out of phase with 
each other) • harmonics, (i.e., the presence of currents or voltages 
at frequencies other than the primary frequency) • interruptions in 
service, of any duration, from a fraction of a second to minutes 

Grid-Connected 
Residential 
(Reliability) 

The electric reliability application entails use of energy storage to 
provide highly reliable electric service. In the event of a complete 
power outage lasting more than a few seconds the storage system 
provides enough energy to a) ride through outages of extended 
duration or b) to complete an orderly shutdown of processes, c) 
transfer to on-site generation resources. 

Grid 
Interconnection 

The level at which an energy resource (such as generation or 
storage) connects to the grid. An energy resource could be 
connected at Transmission, Primary Distribution, or Secondary 
Distribution levels. 

Grid 
Interconnection 
Affected  

The grid interconnection type affected by this policy. 

Incentive Affected The name of the incentive(s) affected by the policy.  
Incentive Amount The amount of incentive given to the project. 
Incentive Source The entity that provides the incentive to the project. 

Incentive Title The official or unofficial title of the incentive program received by 
the project. 

Integrator 
Company 

The organization that brings together component subsystems into a 
whole and ensures that those subsystems function together as 
specified. 
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Grid Services Glossary from the GESDB 

 

Term  Definition  

ISO/RTO 
(Independent 
System 
Operator/Regional 
Transmission 
Organization) 

The ISO or RTO that manages the grid where the energy storage 
system is installed, if applicable. In the areas where an ISO is 
established, it coordinates, controls, and monitors the operation of 
the electrical power system, usually within a single US State, but 
sometimes encompassing multiple states. RTOs typically perform 
the same functions as ISOs but cover a larger geographic area. 

Load Following 

Load following resources’ output changes in response to the 
changing balance between electric supply (primarily generation) 
and end user demand (load) within a specific region or area, over 
timeframes ranging from minutes to a few hours. 

Location The physical location of the energy storage project. (Address, 
City, State, Zip, Country)  

Onsite Renewable 
Generation 
Shifting 

Energy storage to perform renewables energy time-shifting for 
end-use customers that generate renewable power onsite. 

Operating 
Expenditure 
(OPEX) 

Operating expenses in dollars per kWh of capacity per year. It is 
assumed that such operating expenses would be recurring 
throughout the life of the project. 

Operations and 
Management 
(O&M) 
Contractor 

The company or group that operates and manages the energy 
storage system. 

Ownership Model A description identifying the relationship of the project owner to 
the project itself. 

Ownership Model 
Affected The ownership model(s) affected by this policy. 

Paired Grid 
Resource The source of energy that charges the ESS. 

Performance Any performance statistics or results available on the project. 
Picture A high-resolution JPEG if available. 

Policy Description A brief summary of the policy in general and how it relates to 
storage.  

Policy Name The official or unofficial name of the policy. 
Policy Number The assigned tracking number for a given policy. 
Policy Source The agency or body that created or approved the policy. 
Power Electronics 
Provider 

The company that provides the power electronics (such as 
inverters) for the storage project. 
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Grid Services Glossary from the GESDB 

 

Term  Definition  
Primary Project 
Contact 

A person to contact for information about the project. (Name, 
Phone, Email, Address) 

Project 
Description 

A short description of the project that includes size, technology, 
city/state, and application. 

Projected Project 
Lifetime 

The number of years a project is expected to remain in operational 
condition, from date of commissioning. 

Ramping 
Changing the loading level of a Generating Unit in a constant 
manner over a fixed time (e.g., Ramping up or Ramping down). 
Such changes may be directed by a computer or manual control. 

Rated Power The total possible output from the energy storage system, 
expressed in kW.  

Renewable Energy 
Time-shift 

Centralized or distributed Electric Energy Time Shifting 
specifically related to the uncontrollable nature of renewable 
generation. 

Renewables 
Capacity Firming 

Use of storage to mitigate rapid output changes from renewable 
generation due to: a) wind speed variability affecting wind 
generation and b) shading of solar generation due to clouds. It is 
important because these rapid output changes must be offset by 
other “dispatchable” generation. 

Research 
Description A brief synopsis of the research being conducted, if applicable. 

Research 
Institution 

The name of the research institution affiliated with the project, if 
applicable. 

Research 
Institution Link 

A link to the relevant research institution affiliated with the 
project, if applicable. 

Service/Use Case 

The benefits provided by the energy storage system. Services 
reference individual benefits and may come from direct market 
participation or reduced/deferred cost relative to the status quo. 
Use Cases are groups of (or sometimes individual) services that 
are provided by a single energy storage system. If possible, select 
from our pre-determined set values. 
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Grid Services Glossary from the GESDB 

 

Term  Definition  

Stationary 
Transmission and 
Distribution 
(T&D) Upgrade 
Deferral 

The T&D Upgrade Deferral benefit is related to the use of a 
relatively small amount of modular storage to: a) defer the need to 
replace or to upgrade existing T&D equipment or b) to increase 
the equipment’s existing service life (life extension). Storage for 
T&D equipment life extension is especially compelling for the 
aging fleet of underground circuits which are quite expensive to 
replace or to upgrade. Those circuits’ life can be extended by: a) 
reducing the number of ground faults and/or b) reducing loading 
such that operating temperature is reduced, which reduces 
degradation of the insulation. 

Status The current status of the energy storage project.  

Substation On-site 
Power 

Energy storage provides power at electric utility substations for 
switching components and for substation communications and 
control equipment when the grid is not energized. 

Technology Type The type of energy storage technology used in the project. If 
possible, select from our pre-determined set values. 

Transmission 
Congestion Relief 

In many areas, transmission systems are becoming congested 
during periods of peak demand, driving the need and cost for more 
transmission capacity and increased transmission access charges. 
Additionally, transmission congestion may lead to increased use of 
congestion charges or locational marginal pricing (LMP) for 
electric energy. Storage can be used to avoid congestion-related 
costs and charges. In this application, storage systems are installed 
at locations that are electrically downstream from the congested 
portion of the transmission system. Energy is stored when there is 
no transmission congestion and discharged (during peak demand 
periods) to reduce transmission capacity requirements.  

Transmission 
Support 

Energy storage used for transmission support improves T&D 
system performance by compensating for electrical anomalies and 
disturbances such as voltage sag, unstable voltage, and sub-
synchronous resonance. The result is a more stable system with 
improved performance (throughput). Benefits from transmission 
support are highly situation-specific and site-specific. 
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Term  Definition  

Transportable 
Transmission and 
Distribution 
(T&D) Upgrade 
Deferral 

The T&D Upgrade Deferral benefit is related to the use of a 
relatively small amount of modular storage to: a) defer the need to 
replace or to upgrade existing T&D equipment or b) to increase 
the equipment’s existing service life (life extension). Storage for 
T&D equipment life extension is especially compelling for the 
aging fleet of underground circuits which are quite expensive to 
replace or to upgrade. Those circuits’ life can be extended by: a) 
reducing the number of ground faults and/or b) reducing loading 
such that operating temperature is reduced, which reduces 
degradation of the insulation. Transportable systems can be moved 
to where they are needed most on the grid. 

Utility The utility that administers the grid where the energy storage 
system is installed. 

Utility Type The type of utility categorized by ownership. 
Utility Type 
Affected The type of utility affected by this policy. 

Voltage Support 

To manage "reactance" at the grid system level, grid system 
operators rely on an ancillary service called ‘voltage support’. The 
purpose of voltage support is to offset reactive effects so that grid 
system voltage can be restored or maintained. "Reactance" occurs 
because equipment that generates, transmits, or uses electricity 
often has or exhibits characteristics like those of inductors and 
capacitors in an electric circuit. 

Web URL  A link to the primary source for information on the policy/project, 
or a link to more information about the policy/project. 
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Acronym Definition 

BoP Balance of Plant 

BoS Balance of System 

BTM behind-the-meter 

CAES compressed air energy storage 

CESA California Energy Storage Alliance 

CNESA China Energy Storage Alliance 

DHS Department of Homeland Security 

DoD Department of Defense 

EIA Energy Information Agency 

EPRI Electric Power Research Institute 

ERCOT Electricity Reliability Council of Texas 

ES energy storage 

ESSs energy storage systems 

FERC Federal Energy Regulatory Commission 

GAO Government Accounting Office 

GESDB Global Energy Storage Database 

HVAC heating, ventilating, and air conditioning 

IESA India Energy Storage Alliance 

ISO Independent System Operator 

kW kilowatt 
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LCC lifecycle cost 

LCCA life-cycle cost analysis 

LCOS levelized cost of storage 

Li-ion lithium-ion 
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M&S Modeling and Simulation 
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MAPE mean absolute percentage error 

MISO Midwest System Organization 

MSE mean squared error 

NaS sodium sulfur 

NY-BEST™ New York Battery and Energy Storage Technology 

O&M operation and maintenance 

PCS Power conditioning system 

PHS pumped hydroelectric storage 

PJM Pennsylvania New Jersey Maryland (RTO) 

QuEST Query of Energy Storage Technology (software) 

REP Annualized Replacement Cost 

RF Recovery Factor 

RMSE root-mean-squared error 
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SMES super magnetic energy storage 

TCC total capital costs 
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Chapter 1 —Introduction 

 Background Information 

In the United States, exploration of the use of large-scale renewable energy 

resources began in earnest in the mid-to-late 1970s. Solar energy was the major 

renewable pursued as an option in response to the oil and energy crises. In fact, the U.S. 

Department of Energy (DOE) was created in 1977 as a Cabinet position to address both 

the dependence on foreign oil and the absence of a sustainable substitute. Each condition 

was considered to be a national security issue. 

The DOE came into being seven years after the Environmentl Protection Agency 

(EPA). The EPA was established to address and mitigate the growing issues of air and 

water pollution. The agency has evolved into an advocate for use of clean or renewable 

energy as a generating resource versus the use of conventional energy that requires the 

use of fossil fuel. A nexus of the EPA and DOE advanced a niche industry like solar 

generation for homes into a national policy push where states were rewarded for 

installing solar energy generating facilities. States worked with the federal government to 

create monetary incentives in the form of credits and rebates for residential, commercial, 

and industrial utility customers who installed solar on their premises.  

Some states developed Renewable Portfolio Standards (RPSs) and goals to 

advance an electricity generation mix that included clean energy sources like waste heat, 

geothermal, solar, and wind. RPS policies are specific to each state and can vary 

according to targets, renewable sources, and energy goals. Because an RPS is a 

legislative mandate, implementing the target is a matter of state law. There has been 
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intense lobbying in some states to change, modify, or eliminate these energy requirents. 

There have been relatively few instances where the mandates were successfully reversed.  

Review of the individual states’ RPSs reveal no consistency between the failure to 

meet renewable energy goals and the application of fines. Some states are more 

financially punitive in their fines than others. Even if fines are not imposed, there are 

other financial consequences such as energy power plant closure or required retrofitting 

of coal-fired generation plants - which can prove prohibitively expensive to the investor 

class for non-compliance of providing renewable energy generation resources. These 

financial burdens carried by the IOUs may be the only consistencies at the federal and 

state levels. 

On the environmental front, recent energy policies, regulations, and funded 

research and development, followed the motivation to use renewables to satisfy domestic 

demand and move away from conventional fossil fuel and foreign resources. Changes in 

policy did not necessarily comport with the technical and financial considerations for the 

changes needed in the electricity utility industry. Grid investors, grid operators, and other 

stakeholders find themselves responsible to fund the movement toward renewable 

generation. This chapter describes the research motivation for this study, the problem 

statement, thesis statement, research question, scope, limitation, and organization of this 

work. 

 Research Motivation 

Currently, electric utility financial investors do not have a resource that quantifies 

the long-term techno-economic benefits of having a high penetration of ESSs to aid them 

in decision-making for the new grid mandates that use variable generation coming online 
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in the 2020-2040 timeframe. For investors, the immediate financial considerations for 

renewables is the TCC. One also needs the LCC when considering the long-term costs 

and evaluation of return on investment. For it is the LCC that helps to project the cost-

benefit relationship of grid-level ESS installations, that can cost multi-millions of dollars 

for a single facility. 

The complexity of electric energy storage and the lack of models provide an 

opportunity to fill in the gaps that can be used to properly establish profitability for 

energy storage technologies. While not the goal of this work, this study can be the format 

that encourages the energy storage industry to adopt uniformity in terminology, similarity 

in units of measure, and consistency in data reporting and analysis to inform potential 

investors about the estimated initial and long-term costs associated with ESSs and 

possibly addressing cost uncertainties. Additionally, the need for energy storage 

standardization in the discussion of performance metrics, costs, and cost models can 

serve to add value to the industry.  

Research on LCCs for ESSs show clearly that the disposal cost element is missing 

from the current literature. See Figure 1-1. 

 
Figure 1-1.  Product or System LCC Considerations 

This missing dataset relate to disposable ESS costs. These costs are not available 

because so few of the real systems in the data used for this study have been retired. When 

systems have been re-purposed, there is no process in place yet to capture that 
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information. This research makes the calculations based on observations with a future 

goal of developing a scheme to estimate disposal and recycling costs. 

Determining the LCC rests firmly on properly representing the accurate metrics 

for the TCC model. The costs for electrochemical battery storage systems in this study 

depend on technical parameters like manufacturer’s rated power, system capacity, and 

nameplate system duration, measured in hours. Because of the many different types of 

ESSs available, researchers have devoted decades of study around the subject of cost for 

installation, operation, and investment. With a goal of this work that includes informing 

investors about ESS cost predictions, the TCC is a critical element of this study.  

For at least the last two decades, the industry has defined the basic considerations 

for calculating total capital investment in terms of how the ESS functions. Refer to 

Appendix B to compare different capital constructs for TCC. The basic building blocks 

that represent TCC in energy storage installations are illustrated in Figure 1-2. 

  
Figure 1-2.  Basic TCC Model Components 

The power conversion system (PCS) consists of the power electronics with 

associated interconnections, cables, and piping. The energy storage unit is made up of the 

cells combined to make modules and then packs. The energy storage unit defines the 

system’s efficiency, self-discharging activities, and cycle life. The balance of plant (BoP) 

can vary according to the reasearcher. In this study, BoP includes the following project 

planning and engineering costs: grid connection and system integration, protective 

devices, land access, permitting, buildings and foundations, heating and ventilation 
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(HVAC) system, monitoring and controls, shipment and installation costs, and any 

construction management that is not included in the PCS or Storage Unit. The TCC can 

be expressed in the general terms in the equation: (Schoenung, 2003) 

Total Capital Cost = Cpcs + CBoP + Cstorage * hours ($/kW), where 

Cpcs is the cost of the power conversion system ($/kW), 

CBoP is the cost of the balance of plant ($/kW), and 

Cstorage is the cost of the storage unit or module ($/kWh) 

Capital costs can be represented as either a per unit of power rating ($/kW) or as 

per unit of storage capacity ($/kWh). Energy applications tend to rely on continuous 

energy over a considerable amount of time (minutes and hours). ESSs with power 

applications require quick injection over short durations (seconds to minutes). This study 

uses the power rating in the discussion of TCCs and annualized costs for LCCs, measured 

in ($/kW-y). 

Schoenung’s (2003) approach to calculating TCCs will be applied to five 

technologies that provide 30 services across the electric grid backdrop to: 

• Provide consistency of scope and methodology for discussing storage 

benefits, costs, with respect to grid use applications 

• Reduce the inconsistencies between cost predictions for the storage 

industry 

• Serve as decision-making support for researchers and policy-makers by 

reviewing cost and performance on battery technologies 
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• Increase investor confidence in expected costs, performance and grid 

application of ESSs 

• Add to the body of work to eventually forecast future costs based on 

performance development 

• Use lessons learned from other models created to represent verifiable ESS 

value streams to benefit investors and the end users. 

 Problem Statement  

Electric utility investors cannot predict total capital costs or life cycle costs of 

energy storage system installations needed to calculate return on investment.  

 Thesis Statement 

Models can be developed from current projects to establish the total capital costs 

and life cycle costs of five different energy storage technologies [Lead-acid, Lithium-ion 

(Li-ion), Vanadium Redox Flow Batteries (VRFB), Sodium Sulfur (NaS), and Zinc-

Bromine (Zn-Br)] derived from manufacturers’ specifications of rated power, system 

duration, capacity and intrinsic technical performance parameters. 

 Research Objectives 

The research objectives for this study include performing the following activities: 

• Develop a framework to evaluate and compare expected values from 

common techniques that derive annualized total capital costs and life cycle 

costs for energy systems from performance parameters 
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• Create decision models that use real-world ESS manufacturer data 

specifications to determine if and how technical performance parameters 

significantly affect cost of available ESSs 

• Provide a suite of models from predictive tools and processes that couples 

TCC and LCC for any given ESS 

• Define for the dataset used in this study a process that bundles grid 

services according to technology type for future study of the topic 

• Provide data to continue the discussion around how to accurately develop 

ESS cost standards to develop a table of reasonable ESS disposal/recycle 

values for future researchers that contribute to ESS cost-benefit analysis 

for ESSs 

 Research Questions and Hypotheses 

RQ1: What are the significant technical elements needed to calculate the total 

capital investments and life cycle costs for energy storage systems that are not location-

specific?  

RQ2: What is the accuracy of the annualized total capital cost and life cycle cost 

models of scalable ESSs predicated on manufacturer performance data and intrinsic 

battery characteristics? 

H1A: The total capital costs of electrical energy storage systems can be 

established for five storage technology types based on the battery system’s technical 

profile (manufacturer’s rated power, system duration, and capacity), intrinsic 

characteristics (efficiency rate, discharge duration, battery lifetime, specific power, 
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energy density), geographic location (latitude and longitude), and system replacement in 

years by using multiple linear regressions. 

H1B: The life cycle costs of electrical energy storage systems can be established 

for five storage technology types based on the battery system’s technical performance 

profile (manufacturer’s rated power, system duration, and capacity), intrinsic 

characteristics (efficiency rate, discharge duration, battery lifetime, specific power, 

energy density), geographic location (latitude and longitude), and system replacement in 

years by using multiple linear regressions. 

H2A: Random forest can be used to evaluate the accuracy of the model used in 

predicting the total capital costs of five different energy storage systems that use the 

battery’s technical performance profile, intrinsic characteristics, geographic location, and 

system replacement time requirements. 

H2B: Random forest can be used to evaluate the accuracy of the model used in 

predicting the life cycle costs of five different energy storage systems that use the 

battery’s technical performance profile, intrinsic characteristics, geographic location, and 

system replacement time requirements. 

 Scope of Research 

The purpose of this study is to determine total capital costs of real-world ESSs to 

predict life cycle costs for five emerging energy storage technologies representing more 

than 1000 projects that provide various combinations of 30 grid services. The five 

emerging energy storage technologies discussed here are Lead-acid, Lithium-ion (Li-ion), 

Vanadium Redox Flow Batteries (VRFB), Sodium Sulfur (NaS), and Zinc-Bromine (Zn-

Br). The ESSs are scalable, flexible, and can provide grid applications that occur along 
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the grid for either energy applications (e.g., arbitrage, time-of use charge reduction, and 

transmission/distribution upgrade deferral) or power applications (e.g., frequency 

regulation, voltage support, renewable firming capacity, or ramp rate control). 

Schoenung’s theoretical TCC calculation model [Schoenung and Hassenzahl, 

2003] and Zakeri’s case study [Zakeri and Syri, 2015] that provide data and the general 

ESS LCC calculation model serve as benchmarks when vetting the TCC and LCC models 

in this study. Both benchmarks are in peer-reviewed literature and provide costs at the 

module and system levels, include costs for the storage device, balance of plant, power 

conversion units, fixed and variable operating and maintenance, replacement or 

retirement parts. 

The scope does not include revenue from sales or credits/rebates. Warranty costs 

and conditions for ESSs are not required in this study. Subject matter expert data can be 

aggregated, historical in context, from manufacturers’ data specification sheets, or 

obtained from case studies. Intrinsic characteristics like round-trip efficiency, nameplate 

rated power, and energy density or power, cycle life and storage life expectancy are 

considered as additional, useful data. Zakeri and Syri (2015) are the resources for the 

inherent constant technical parameter values used to characterize individual ESS category 

types used in this study. 

 Research Limitations 

The U.S. electric grid is in transition. Adding energy storage technologies to the 

grid has motivated investors to inquire about the costs, the benefits, the long-term 

performance expectations, and return on investment for storage systems, which can be 
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priced in the multi-million (U.S. dollar) range. Uncertainties tied to the grid transition and 

new or emerging technologies also promote uncertainties about the costs of the changes. 

The nature of the projects in ths study varies in ownership, purpose, and its data 

keeping protocol and data reporting entities. Institutions interested in Research and 

Development (R&D) may operate their ESSs outside of the manufacturer’s specifications 

to add to the body of research—especially for grid-connected reliability and safety 

interests. At the other extreme, some startup companies, states, or municipalities with 

potentially limited resources operate their ESSs at thresholds, margins, or lower bounds 

to deploy a more permanent system based on concerns for cost savings to the consumer. 

Consequently, the data can be suspect if reporting, recording, and vetting are not done 

consistently.   

Many energy storage valuation tools with varying capabilities have been designed 

to characterize battery performance. Unfortunately, many of the current tools have been 

designed to describe singular or specific use cases, the potential cash flow, or speculative 

payback analysis for one-off systems [Balducci et al., 2018]. Balducci (2018) indicates 

that the resulting valuation models are based on interviews from ESS manufacturers and 

vendors and perhaps some input from grid operators, all with limited data on functional 

real-world systems. Additional limitations include: 

1. Reliance on a database where there is sometimes variation of cost data due 

to aggregation to protect proprietary interests or failure of the data 

collector to distinguish the units chosen to describe energy storage 

technical parameters that were not usable in this study 
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2. Limited information from vendors and/or utility operators about how 

specific projects operate to full capacity, depth of discharge, manner of 

charging/discharging, end-of life indicators 

3. Tracking the pace of ESS technological maturity and comparable 

cost/performance data in the only available global resource 

4. Rare or no costs listed for disposal/recycling costs in the lifecycle data 

5. Dependence on expert opinion for literature review of cost data 

6. Inconsistent terminology about services, cost, and performance in the 

literature 

7. Reported capital costs are mostly from large-scale ESSs between 2013 and 

2017. Previous costs were not consistently recorded in the primary 

database and require proper vetting. 

8. Little access to flywheel data due to minimal deployments and little data 

collected or shared. This lack of information resulted in removing 

flywheels from this study as a non-location specific flexible and scalable 

ESS. 
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 Organization of Praxis 

This study is arranged in five sections. Chapter 1 provides a high-level description 

of the research problem, background information on the electric grid, this paper’s scope, 

and limitations. Chapter 2 is a general review of the electric grid, its evolution, storage 

applications, and policies that mandate the use of energy storage considered common 

knowledge in the industry. It also features peer-reviewed literature on total capital costs, 

life cycle costs, energy storage performance characteristics of grid-scale battery 

technologies, and a summary of other peer-reviewed cost models. Chapter 3 explains the 

methodology and data used in the capital cost and life cycle cost models developed for 

this study. Chapter 4 discusses the results from the derived models and offers 

explanations the different conditions that define the optimal TCC and LCC model with 

consideration of the accuracy of each. Chapter 5 offers concluding remarks based on 

observations then offers potential future research for the topic. 
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Chapter 2 —Literature Review 

 Introduction 

Use of storage to provide energy and water for local communities has been 

practiced for centuries. The new technologies that provide electrical energy storage for 

the electric grid continue to be difficult to characterize in terms of costs and valuation of 

the services provided. There are differing views on electrical energy storage systems that 

include but are not limited to subsystems and their compositions and functions, how to 

calculate costs, determination of who benefits from storage, and the type market asset 

energy storage represents. The literature clearly reflects technical disagreement about 

ESS terminology, system composition, and value streams. This study is restricted to the 

practical processes for modeling total capital costs and life cycle costs of ESSs classified 

as electrochemical batteries. This chapter is organized to present the evolution of the 

electric grid as it relates to the use of renewable energy resources, state and federal policy 

mandates, and ESS grid services. The overview is followed by peer-reviewed technical 

journal articles about ESS costs, models, and valuation. 

 Background 

 Evolution of the Grid and Energy Storage Policies 

The electricity grid is the largest machine in the world. The United States operates 

more than 90 percent of the North American electric grid. What is commonly referred to 

as the grid is not a simple system, with a single owner, that operates according to a 

simple protocol. Over time the U.S. electric grid has become a complex system, with 

many operators, owners, and input resources that continues to evolve. This evolution is 

especially significant with respect to the movement away from conventional sources like 
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fossil fuels, natural gas, and nuclear power plants, toward resouces like solar, wind, 

biomass, and underground geothermal energy. 

Two decades ago, the composition of the U.S. grid included 3,300 companies, 

serving 134,000,000 retail customers with 221 investor-owned utilities responsible for 

2,736,000 miles of distribution lines and 358,000 miles of transmission lines, with 

1.8kWh of solar and 6kWh of wind that fed into the grid, according the U.S. Energy 

Information Agency (EIA) Form 861 for 2002. The same agency reported in 2017 that 

the U.S. grid’s renewable energy generation increased to 237kWh of solar and 781kWh 

of wind. This increase was a result of customer preference for ‘clean power’ and energy 

sustainability. The preference eventually took the form of legislative mandates called 

Renewable Energy Storage portfolios or RPSs. The RPSs indicate a target date and 

percent of renewable energy to be fed into to grid. These mandates do not necessarily 

specify the type energy storage to be utilized. However, the RPSs all indicate that it is the 

investor-owned utility which carries much of the financial responsibility to install 

renewable generation. See Table 2-1 for the National Conference of State Legislators 

(NCSL) 2018 RPS Summary. 
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Table 2-1.  National Conference of State Legislators 2018 RPS Summary1 
State/Territory Title Established 25 percent by 2025 Applicable Financial Sector Enabling Code, Statue, Order 
Arizona Renewable Energy 

Standard 
2006 15 percent Investor-owned utility, retail 

supplier 
 Ariz. Admin. Code §14-2-1801 et 
seq 

California Renewables Portfolio 
Standard 

2002 44 percent by 2024; 52 percent by 2027; 60 
percent by 2030. Also requires 100 percent 
clean energy by 2045 

Investor-owned utility, municipal 
utilities 

Cal. Public Utilities Code §399.11 
et seq.; Cal. Public Resources 
Code §25740 et seq.; Assembly 
Bill 327 (2013); Senate Bill 
350 (2015); Senate Bill 100 
(2018) 

Colorado Renewable Energy 
Standard 

2004 30 percent by 2020 (IOUs); 10 percent or 20 
percent for municipalities and electric 
cooperatives depending on size 

Investor owned utility, municipal 
utilities, cooperative utilities 

Colo. Rev. Stat. §40-2-
124; Senate Bill 252 (2013) 

Connecticut Renewables Portfolio 
Standard 

1998 44 percent by 2030 Investor-owned utility, local 
government, retail supplier 

Gen. Stat. §16-245a et 
seq.; Conn. Gen. Stat. §16-1; 
Senate Bill 9 (2018) 

Delaware Renewables Energy 
Portfolio Standard 

2005 25 percent by 2025-2026 Investor-owned utility, local 
government, retail supplier 

Del. Code Ann. 26 §351 et seq. 

Hawaii Renewable Portfolio 
Standard 

2001 30 percent by 2020; 40 percent by 2030; 70 
percent by 2040; 100 percent by 2045 

Investor-owned utility Hawaii Rev. Stat. §269-91 et 
seq.; House Bill 623 (2015) 

Illinois Renewable Portfolio 
Standard 

2001 25 percent by 2025-2026 Investor-owned utility, retail 
supplier 

Ill. Rev. Stat. ch. 20 
§688 (2001); Ill. Rev. Stat. ch. 20 
§3855/1-75 (2007); Senate Bill 
2814 (2016) 

Iowa Alternative Energy Law 1983 105 MW of generating capacity for IOUs Investor-owned utility  Iowa Code §476.41 et seq. 

Maine Renewables Portfolio 
Standard 

1999 40 percent by 2017; Includes a 10 percent 
requirement by 2022 for Class I (new) sources 

Investor-owned utility, retail 
supplier 

Me. Rev. Stat. Ann. 35-A §3210 
et seq.; Me. Rev. Stat. Ann. 35-A 
§3401 et seq. (wind energy) 

Maryland Renewable Energy 
Portfolio Standard 

2004 25 percent by 2020 Investor-owned utility, local 
government, retail supplier 

Md. Public Utilities Code Ann. 
§7-701 et seq.; Senate Bill 
921; House Bill 1106 (2016 
enrolled, 2017 veto override) 

Massachusetts Renewable Portfolio 
Standard 

1997 Class I: 35 percent by 2030 and an additional 1 
percent each year after. Class II: 6.7 percent by 
2020 

Investor-owned utility, retail 
supplier 

Mass. Gen. Laws Ann. ch. 25A 
§11F; House Bill 4857 (2018) 

Michigan Renewable Energy 
Standard 

2008 15 percent by 2021 (standard), 35 percent by 
2025 (goal, including energy efficiency and 
demand reduction) 

15 percent by 2021 (standard), 35 
percent by 2025 (goal, including 
energy efficiency and demand 
reduction) 

Mich. Comp. Laws §460.1001 et 
seq.; Senate Bill 438 (2016) 

                                                 
1 www.ncsl.org/research/energy/renewable-portfolio-standards.aspx, accessed March 2019 

http://www.ncsl.org/research/energy/renewable-portfolio-standards.aspx
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State/Territory Title Established 25 percent by 2025 Applicable Financial Sector Enabling Code, Statue, Order 
Minnesota Renewables Energy 

Standard 
2007 26.5 percent by 2025 (IOUs), 25 percent by 

2025 (other utilities) 
Investor-owned utility, municipal 
utilities, cooperative utilities 

Minn. Stat. §216B.1691 

Missouri Renewable Electricity 
Standard 

2007 15 percent by 2021 (IOUs) Investor-owned utility Mo. Rev. Stat. §393.1020 et seq. 

Montana Renewable Resource 
Standard 

2005 15 percent by 2015 Investor-owned utility, retail 
supplier 

Mont. Code Ann. §69-3-2001 et 
seq. 

Nevada Energy Portfolio Standard 1997 25 percent by 2025 Investor-owned utility, retail 
supplier 

Nev. Rev. Stat. §704.7801 et seq. 

New Hampshire Electric Renewable 
Portfolio Standard 

2007 25.2 percent by 2025 Investor-owned utility, 
cooperative utilities, retail 
supplier 

N.H. Rev. Stat. Ann. §362-F 

New Jersey Renewables Portfolio 
Standard 

1991 50 percent by 2030 Investor-owned utility, retail 
supplier 

N.J. Rev. Stat. §48:3-49 et seq.; 
Assembly Bill 3723 (2018) 

New Mexico Renewables Portfolio 
Standard 

2002 20 percent by 2020 (IOUs); 10 percent by 2020 
(co-ops) 

Investor-owned utility, 
cooperative utilities 

N.M. Stat. Ann. §62-15; N.M. 
Stat. Ann. §62-16 

New York Renewable Portfolio 
Standard; Reforming the 
Energy Vision (REV) 

2004 50 percent by 2030 Investor-owned utility, municipal 
utilities, cooperative utilities, 
retail supplier 

NY PSC Order Case 03-E-
0188; 2015 New York State 
Energy Plan 

North Carolina Renewable Energy and 
Energy Efficiency 
Portfolio Standard 

2007 Renewable Energy and Energy Efficiency 
Portfolio Standard 

Investor-owned utility, municipal 
utilities, cooperative utilities 

N.C. Gen. Stat. §62-133.8 

Ohio Alternative Energy 
Resource Standard 

2008 12.5 percent by 2026 Investor-owned utility, retail 
supplier 

Ohio Rev. Code Ann. §4928.64 et 
seq. 

Oregon Renewable Portfolio 
Standard 

2007 25 percent by 2025; 50 percent by 2040 (utils 
w/3+% state’s load) 

Investor-owned utility, municipal 
utilities, cooperative utilities, 
retail supplier 

Or. Rev. Stat. §469a; Senate Bill 
1547 (2016) 

Pennsylvania Alternative Energy 
Portfolio Standard 

2004 18 percent by 2020-2021 Investor-owned utility, retail 
supplier 

Pa. Cons. Stat. tit. 66 §2814 

Rhode Island  Renewable Energy 
Standard 

2004 14.5 percent by 2019, with increases of 1.5 
percent each year until 38.5 percent by 2035 

Investor-owned utility, retail 
supplier 

R.I. Gen. Laws §39-26-1 et 
seq.; R.I. Gen. Laws §39-26.1 et 
seq. (contracting 
standard); House Bill 
7413a (2016) 

South Carolina Renewables Portfolio 
Standard 

2014 2 percent by 2021 Investor-owned utility House Bill 1189 

Texas Renewable Generation 
Requirement 

1999 5,880 MW by 2015. 10,000 MW by 2025 (goal; 
achieved) 

Investor-owned utility, retail 
supplier 

Tex. Utilities Code Ann. §39.904 
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State/Territory Title Established 25 percent by 2025 Applicable Financial Sector Enabling Code, Statue, Order 
Vermont  Renewable Energy 

Standard 
2005 55 percent by 2017; 75 percent by 2032 Investor-owned utility, municipal 

utilities, cooperative utilities, 
retail supplier 

Vt. Stat. Ann. tit. 30 §8001 et 
seq.; Standard: House Bill 40 

Washington Renewable Energy 
Standard 

2006 15 percent by 2020 Investor-owned utility, municipal 
utilities, cooperative utilities 

Wash. Rev. Code §19.285; Wash. 
Admin. Code §480-109; Wash 
Admin. Code §194-37 

Wisconsin Renewable Portfolio 
Standard 

1998 10 percent by 2015 Investor-owned utility, municipal 
utilities, cooperative utilities 

Wisc. Stat. §196.378 

Wash, DC Renewable Portfolio 
Standard 

2005 
 

Investor-owned utility, retail 
supplier 

D.C. Code §34-1431 et seq., Bill 
650 (2016); Bill 904 (2018) 

No. Mariana 
 Islands 

Renewables Portfolio 
Standard 

2007 20 percent by 2016 Investor-owned utility, municipal 
utilities, cooperative utilities 

N. M. I. Public Law §15-
23; House Bill 165 (2014) 

Puerto Rico Renewable Energy 
Portfolio Standard 

2010 20 percent by 2035  Investor-owned utility, municipal 
utilities, cooperative utilities 

PR S 1519 (2010); PR H 
2610 (2010) 
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Not all states have codified use of renewable energy as part of their generation 

resource. The table below from the 2018 NCSL shows the goals and proposed dates for 

states with renewable generation goals that may require the use of electrical energy 

storage options. There are no punitive fines associated with failure to meet those goals. 

Table 2-2.  States and Territories with RPS Goals 

State Goal (%) Proposed date to meet goal 

Utah 20% 2025 

North Dakota 10% 2015 

South Dakota 10% 2015 

Kansas 20% 2020 

Oklahoma 15% 2015 

Indiana 10% 2025 

Virginia 15% 2025 

South Carolina 2% 2021 

U.S. Territories   

U.S. Virgin Islands 30% 2025 

Guam 25% 2035 
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Renewable resources like wind are solar are variable as input to the grid and have 

challenges with oscillations on cloudy days (solar) or excess output during the evening 

for wind generation. Due diligence is required to guarantee reliable electricity and power 

quality for all customers, especially when using renewable energy sources. The increase 

in grid-tied penetration of renewable generation ultimately affects each aspect of the 

electricity delivery system, and eventually the grid investors and end-users.  

Energy storage is an enabling technology that can assist with the variability 

associated with the intermittency of wind and solar generation. In response to the use of 

variable resources to satisfy RPS legislation, energy storage was initially used as the 

backbone to support generation (on the front end of the electricity delivery system). Over 

time, grid operators, researchers, utility owners, vendors, and end-users have discovered 

that energy storage can be used for several other purposes. Table 2-3 from the Global 

Energy Storage Database (GESDB)2 includes all the grid-tied services that have become 

available over time due to the application of electrical ESSs. Appendix A provides an 

extended list of acronyms used in the research datasets for this study. 

                                                 
2 https://www.energystorageexchange.org  

https://www.energystorageexchange.org/
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Table 2-3.  List of U.S. GESDB grid-tied services 
ESS Grid Application Name 
Black Start 
Electric Supply Reserve Non-Spinning 
Electric Supply Reserve - Spinning 
Load Following Tertiary Balance 
Ramping 
Voltage Support 
Electricity Energy Time Shift 
Electricity Supply Capacity 
Transmission Congestion Relief 
Transmission Support 
Renewable Capacity Firming 
Distribution Upgrade/Solar 
Distribution Upgrade/Wind 
Transmission Upgrade Wind 
Transmission Upgrade Solar 
Electric Bill Management 
Grid-Connect Comm Reliability 
Grid-Connect Residential Reliability 
Frequency Regulation 
Transportable Tran/Distribution Upgrade 
Stationary Transmission/Distribution Deferral 
Onsite Renew Generation Shift 
Electric Bill Management Renewables 
Renew Energy Time Shift 
Onsite Power 
Transportation Services 
Microgrid Capability 
Resiliency 
Demand Response 
Electric Vehicle Charging 
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 Electricity Delivery System & Energy Storage Considerations 

There are three main components of the electricity grid: generation, transmission, 

and distribution. Generation can be provided by nuclear plants, fossil fuels, natural gas, 

hydroelectric dams, solar, wind, and even tidal wave. Once the generation requirement is 

met, the grid’s next function is to “move” the electricity. This movement is achieved 

through a transmission network. The network is composed of high and low voltage power 

lines required to either step-up voltage to transmit or to step-down voltage through 

transformers to distribute or deliver electricity to the end-user. See Figure 2-1. 

 
Figure 2-1. Block Diagram of the Electricity Delivery System 

 Energy Storage and the Electric Utility Grid 

Electricity is a just-in-time commodity [Manz, 2012]. Reliable, stable systems 

require that the supply is ‘always’ available to match demand—at every instance in time. 

When a light switch is turned to the “on” position, the consumer expects light 

instantaneously. When a facility or business (e.g., hospital, airport, prison, etc.) needs an 

electrical system to turn on or remain on, then reliability of the just-in-time or as-long-as-

needed resource is required. Energy storage can serve as the backbone to ensure that this 

reliability and repeatability happens consistently for each consumer.  

Historically, hydroelectric power has been an effective resource to generate and 

store energy. According to the Global Energy Storage Database (GESDB), pumped 

hydroelectric storage (PHS) represents the largest supplier of renewable electricity in the 
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United States. PHS is not as responsive as electrochemical resources to provide on-

demand services. Hydroelectric power storage does not follow dynamic market signals 

and may cause environmental concerns in droughts and floods. Moreover, PHS is 

location-specific and does not offer grid operators flexible and scalable electrical storage 

options in a manner similar to the ESSs in this study. 

The General Accounting Office Report to Congress [May 24, 2018 - GAO-18-

402] indicates five additional categories that define how electrical energy is now being 

deployed globally to meet grid needs: solid state batteries, flow batteries, flywheels, 

compressed air energy storage, and thermal energy storage. These new technologies can 

support more than two dozen use cases or applications at various locations along the grid 

such as firming intermittent or ‘clean’ generation resources, voltage support at the 

transmission level, distribution equipment upgrade deferral, etc. Table 2-4 shows a more 

comprehensive list of the different energy storage technology types. 
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Table 2-4. Energy Storage Technology Types 
ESS Technology Types 

Electrochemical 

A. Solid State (Rechargeable) 
Batteries 

1. Lithium-based 

2. Lead-acid 

3. Sodium Sulfur (NaS) 

4. Sodium Nickel Chloride 

5. Metal Air 

6. Nickel Cadmium (Ni-Cd) 

7. Nickel Metal Hydride 

8. Zinc Air 

B. Flow Batteries 

1. Vanadium Redox (VRFB) 

2. Zinc Bromine (ZnBr) 

3. Iron-Chromium (FeCr) 

4. Hydrogen-Bromine (H2Br) 

5. Novel Chemistries 

 

Electrical 

A. Capacitor 

B. Supercapacitor 

C. Nanocapacitor 

D. Superconducting Magnetic Energy Storage 

 

Chemical 

A. Electrofuels 

1. Hydrogen 

2. Methanol 

B. Biofuels 

 

Thermal 

A. Sensible Heat 

1. Underground thermal storage 

2. Molten Salts 

3. Hot water 

4. Cold water 

B. Latent Heat 

1. Ice Storage 

2. Cryogenic 

3. Phase Change 

Mechanical 

A. Flywheels 

B. Compressed Air Energy Storage 
(CAES) 

1. CAES (Cavern) 

2. Advanced Adiabatic CAES 

3. Isothermal CAES 

 

Mechanical: Pumped Hydroelectric Storage 

A. Open Loop 

B. Closed Loop 

 

Other 

Other Gravitational 

Rail 
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2.2.3.1. Non-location Specific Grid-Level Electrical Energy Storage Technologies 

Electrical energy storage technologies have been described as a solution waiting 

for a problem. While an ESS can be versatile in its function, one technology is not 

necessarily interchangeable with the next—not in location, not in grid services provided, 

and not in performance. The five non-location specific ESSs discussed in the study are 

lead-acid, lithium-ion, sodium sulfur, vanadium redox-flow batteries, and zinc bromine. 

Below are brief descriptions of each summarized in the “Electricity Technology 

Assessment” prepared for the Public Service Company of New Mexico [Aquino, 2017]. 

Lead-acid is a mature energy storage technology, used for grid applications that 

can be satisfied with low energy density and fewer operational cycles. This can be for 

bulk services at generation as well as frequency regulation as needed. 

Lithium-ion (Li-ion) technology was released commercially in the early 1990s 

and can satisfy a range of technology needs from consumer electronics to industrial, 

stationary battery use. It is now considered a portable technology standard and provides 

renewable integration into the grid, arbitrage, and peaking. 

Sodium sulfur (NaS) was originally developed for electric vehicles. At the cell 

level, NaS batteries are composed of a mixture of molten liquid sodium and sulfur. As a 

stacked system of cells and modules, this battery system resides in a fire-proof 

containment vessel when in service. It has a smaller environmental footprint than lithium. 

These systems provide grid resource adequacy for blackstart but can also be used to 

support renewable energy projects. 
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Vanadium Redox-Flow Batteries (VRFB) have high cycle life, long storage 

duration, can operate at low temperature. VRFBs assist in preventing curtailment 

(involuntary reduction of generator output), microgrid management, and transmission 

congestion relief. 

Zinc Bromine (ZnBr) uses a liquid anode and cathode rather than a single liquid 

electrolyte, along with a system of pumps and tanks. The volume of the storage tank 

determines the duration of energy storage. ZnBr batteries are characterized by a long 

service life and can be used for renewables capacity firming, renewable energy time-shift, 

and resiliency.  

Researchers are fully engaged in overcoming technical limitations with respect to 

the different chemistries, in-field performance, and safety issues of these five ESSs. 

Though complex, the technical considerations for advancing energy storage as an asset to 

the grid are not the only ESS grid obstacles.  

“Though they can provide numerous grid services, there are a number of factors 

that restrict (renewable energy resources) deployment. The most significant barrier to 

deployment is high capital cost.” [Batnagar, 2003]. Policy and regulatory guidance did 

not necessarily accompany the grid evolution offered by the new landscape of energy 

storage technologies. However, within the last decade, federal and state policy makers 

have begun to influence changes in energy policy to address regulatory and market 

constraints. Market constraints, regulatory barriers, and energy storage technology type 

affect the placement of the ESS on the grid. The placement is dictated by function of the 

energy storage type, its technical parameters like duty cycle and efficiency, and the 

minimum duration required of that ESS. See Table 2-5 for a list of the types of grid 
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services based on the grid location and resource duration needed to meet the grid 

obligation.  

Table 2-5. Potential Grid Services Provided by Energy Storage (Ritterhausen, 2011) 
Grid 
Location Minimum Duration 

Example of Potential ESS 
Service Description 

Generation 

short Less than 2 minutes Frequency Regulation 4-second AGC to maintain constant 60Hz 
frequency 

medium 2minutes - 1 hour Spin/Non-Spin Reserve Fast response to participate in hourly bid 
market 

medium 2minutes - 1 hour Ramping Ensures daily ramping mathes load profiles 

long 1 hour + Black Start Grid goes black, start w/o electric energy 
input 

long 1 hour + Firm renewables Provides firm, dispatchable renewable 
source 

long 1 hour + Capacity Meets system's "super peaks", discharge 
peak hours 

long 1 hour + Energy shifting Arbitrage between peak & off-peak energy 
prices 

 

Transmission 

short Less than 2 minutes Smoothing intermittent 
resource output 

Respond to drop, fluctuation in PV-wind 
production 

medium 2minutes - 1 hour Improve system reliability Planned outages downstream; improve sys 
voltage 

long 1 hour+ Avoid cost of system 
congestion 

Time shift demand when congestion fees 
high 

long 1 hour+ Defer transmission system 
upgrade Less cost to infrastructure w/ load growth 

 

Distribution 

short Less than 2 minutes Improve power quality Improve loading, power factor; replace 
capacitors 

medium 2minutes - 1 hour Mitigate system outages Islanded operations for outages 
(downstream) 

long 1 hour+ Defer distribution system 
upgrade Upgrades without overloading system 

 

End User 

short Less than 2 minutes Maintain power quality Use when power quality needed above 
critical load 

medium 2minutes - 1 hour Integrate intermittent distr. 
Generation 

When system "pushes" flow away from 
customer 

long 1 hour+ Provide uninterruptible power 
supply 

Replace, supplement use of diesel 
generators 
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 Energy Storage: Policy and Regulatory Requirements Implications 

Policy and regulatory measures drive the use of energy storage to support the U.S. 

electric utility grid. Twenty-nine states and Washington, D.C., have created renewable 

portfolio standards (RPSs) that mandate the integration of intermittent resources (e.g., 

wind/solar) into the grid for clean energy generation that require use of energy storage 

technologies. Without exception, states call on the Investor Owned Utility (IOU) entities 

to satisfy the renewable energy targets and goals mandated by law in the NCSL RPS 

Summary table (Table 2-1) under the column “Applicable Financial Sector.” 

The Federal Energy Regulatory Commission (FERC), which regulates the 

interstate sale or purchase of transmission services, is divided into several offices. The 

Office of Enforcement oversees energy market rules and regulations to detect market 

manipulation. The Office of Electric Reliability oversees compliance with electric 

reliability and security standards by users and owners of bulk power3. The Office of 

Energy Policy and Innovation advises on the development and use of transmission, 

emerging technologies, and storage. The FERC has exclusive jurisdiction over interstate 

electric energy transmission according to Federal Powers Act (FPA) 201(b) (16 USC 

824(b)). Failure of owners or utility operators to adhere to policies, standards, or 

requirements could have deleterious financial consequences. The FERC issued orders 

requiring transmission owners to allow energy storage to be a market participant. This 

participation is based on energy storage’s ability to follow market signals. Table 2-6 is a 

summary of recent FERC Orders that instruct grid owners and operators how to include 

electrical energy storage as part of their operations. 

                                                 
3 PowerPoint Presentation: “An Overview of the Federal Energy Regulatory Commission and Federal Regulation of 
Public Utilities” by Lawrence R. Greenfield, presented June 2018. Section: How FERC is Organized 



28 
 

Table 2-6.  Energy Storage related Federal Energy Regulatory Commission Orders4 
FERC Order Number Docket Number Title Release Date Summary      

841 RM16-23 Electric Storage Participation in Markets 
Operated by Regional Transmission 
Organizations and Independent System 
Operators 

2/15/2018 FERC Issues Final Rule on Electric 
Storage Participation in Regional 
Markets 

     

784 (RM11-24-000 & 
AD10-13-000) 

Third-Party Provision of Ancillary Services; 
Accounting and Financial Reporting for New 
Electric Storage Technologies 

July 18, 2013 
(effective 
November 27, 
2013) 

Revision of ancillary services at 
market-based rates and accounting 
for speed and accuracy of regulation 
resources to determine operator's 
reserve requirements      

755 (RM11-7-000 & 
AD10-11-000) 

Frequency Regulation Compensation in 
Organized Wholesale Power Markets (Final 
Rule) 

20-Oct-11 FERC order requires RTOs and ISOs to 
compensate frequency regulation 
resources based on the actual service 
provided, including a capacity 
payment that includes the marginal 
unit’ s opportunity costs and a 
payment for performance that reflects 
the quantity of frequency regulation 
service provided by a resource when 
the resource is accurately following 
the dispatch signal.       

                                                 
4 https://www.ferc.gov/media/news-releases.asp, accessed February 2019 

https://www.ferc.gov/media/news-releases.asp
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FERC Order Number Docket Number Title Release Date Summary 
1000 (RM10-23-000) Transmission Planning and Cost Allocation by 

Transmission Owning and Operating Public 
Utilities (Final Rule) 

7/21/2011 
(effective 
October 11, 
2011) 

Final Rule requires that each public 
utility transmission provider must 
participate in a regional transmission 
planning process that has: (1) a 
regional cost allocation method for 
the cost of new transmission facilities 
selected in a regional transmission 
plan for purposes of cost allocation; 
and (2) an interregional cost allocation 
method for the cost of certain new 
transmission facilities that  
are located in two or more 
neighboring transmission planning 
regions       

745 (RM10-17-000)  Demand Response Compensation in Organized 
Wholesale Energy Markets (Final Rule) 

March 15, 2011 
(effective April 
25, 2011)  

FERC's final rule on demand response 
participation in RTO/ISO wholesale 
markets for balancing supply and 
demand for efficient dispatch 
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 ESS Terminology – Developing a Vernacular 

Even the term “storage” can be confusing [EPRI, 2013]. The concern for 

operators is sometimes the single term can refer to different technologies, bundled 

services for the grid, or the broad category of storage modules. This researcher uses the 

term “storage” when referring to the services provided, and “energy storage system” to 

talk about devices, equipment, or facilities used for grid-tied applications when 

discussing cost issues. 

Technical parameters can influence the long-term costs of energy storage. A 

misrepresentation of the meaning of certain functions or performance terms can be costly 

for those who are required to insure or maintain an ESS. As an example, when talking 

about their products, vendors are encouraged to distinguish between ‘battery design life’ 

(related to LCCs) and ‘battery service life’ (aging/performance concern). This study 

concurs that ‘battery life’ refers to manufacturer nameplate cycles defined as one 

complete charge and discharge event per device. Battery life is important in cost 

considerations and has meaning in terms of cycle life, whereas service life relates to legal 

terminology in warranties about the performance that guarantees availability of battery 

performance greater than 80% of its original capacity. There are instances where design 

life and cycle life are used interchangeably. Design life is what is insured or warrantied. 

Failure to make such distinctions in parameter characteristics when planning for system 

costs can result in larger maintenance costs or less than optimal battery performance—

thus replacement costs [Ratcliff, 2014]. Xu, Meng, et.al [2018] addressed Southern 

California Edison’s (SCE’s) concern by categorizing ESSs according to charge-discharge 

behavior [Rittershausen and McDonough, 2011]. 
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In the calculation of TCC or LCC, it is acceptable for ESSs to be grouped as: 

• Mechanical storage systems PHS and compressed air energy storage 

(CAES)  

• Electrochemical storage systems (Lead-acid, Li-ion, etc.) 

• Electrical storage systems (Supercapacitors, and super magnetic energy 

storage or SMES) 

• Thermo-chemical storage (Solar fields) 

• Chemical storage systems (Hydrogen) 

• Thermal energy storage (Sensible heat, latent heat). 

Table 1-4 has a more detailed description of the ESS subgroups. 

Inconsistent cost descriptions or estimates for grid-tied ESSs can result in poor 

facility scaling, inadequate sizing, and incorrect assumptions about different battery 

systems. For example, comparing CAES with electrochemical storage, the results were 

that CAES exhibited the highest cost for the power version system, yet was assessed in 

terms of the TCC as the most economical alternative for bulk storage [Zakeri, 2015]. This 

cost comparison approach is historically inconsistent with cost tabulations and 

projections for PHS in much of the literature. Table 2-7 from Zakeri [2015] shows of the 

27 recent studies about energy storage costs, only two address LCC.  
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Table 2-7.  Various ESS cost study approaches 
Author ESS 

Technologies 
Cost Items Grid 

Application 
Method for 

cost estimate 

Battke (2013) Lead-acid, 
NaS, Li-ion, 
VRFB  

Costs of PCS 
and storage 
unit, O&M 

Energy time 
shift, T&D 
support, 
frequency 
regulation, 
distribution 

Historical data 
from plant 
operators and 
develop 
modeling 
framework 

     
Schoenung et 
al. (2011) 

PHS, CAES, 
flywheel, lead-
acid, NaS, 
NiCd, Li-ion, 
ZnBr, VRFB 

Capital costs of 
PCS, BoP, and 
storage unit; 
Fixed/Var 
O&M, 
Replacement 
costs 

Bulk energy 
storage 

Review of 
other work 
provided 
analytical 
framework for 
LCC of energy 
storage 

 

The Bakos [2016] study addresses the issue of standardization with development 

of costs. Considering different energy storage technologies that were installed in different 

geographical locations, with different capacities, and types of locations, the author 

concluded the most important parameters in LCCs are the capital costs, operating and 

maintenance costs, replacement costs, and the cost of energy. This writer agrees with 

Bakos [2016] about standardization as the cost elements related to ESSs can be subjected 

to a series of equations that result in annualized costs, thus making it easier to compare 

‘apples to apples’ when determining LCCs. Schoenung’s 2011 review and framework 

uses these parameters for discussing LCC, unlike Battke [2013]. 
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 ESS Cost and Data - Barriers to Advancing ESS Deployment 

Cost terminology requires researchers and stakeholders to establish a standard for 

the sake of making meaningful comparisons. Agreement around terminology that affects 

cost is helpful in any industry. However, EPRI [2013] indicates that there are other 

considerable barriers to developing proper price points when it comes to storage uses, 

technologies, and potential value streams. Bhatnagar [2013] explains that the expensive 

cost of ESSs is presently the biggest barrier to wider applications. He did not consider the 

subsystems that compose ESSs, nor did he specify ESS cost structure elements. This 

paper defines the main components of the ESS as the storage module, the power 

conditioning unit, and supporting facilities, commonly called balance of plant. Other 

researches present the argument that technical factors like power ratings, energy density, 

and (cycle) durability are all that is required for straightforward ESS cost comparisons 

[Ding, 2019]. Ferreira [2013] insinuated that the common ground to discuss ESS costs 

are the grid applications and the state of maturity for the energy storage technology. 

Balducci [2018] presents that not enough work has been done in this area and lists recent 

energy storage valuation models that are lacking when it comes to providing users a clear 

understanding of the value of energy storage.  

Baxter [2018] introduces the subject of economic risks related to market rules and 

the poor understanding of operation and maintenance costs as barriers to energy storage 

project deployment. He warns that use of capital costs only hampers the understanding of 

the true cost of the storage system. According to Baxter, end-of-life and disposal costs 

play important roles in describing lifetime and technology-specific storage applications. 
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While Baxter concedes that the modular nature of many ESSs is responsible for 

small investments for grid applications, Manz [2012] insists it is primarily the early ESS 

deployments of less mature technologies which result in high capital costs that act as a 

barrier to investment. Manz argues that there are not enough energy storage installations 

in place with the same technology type with the same grid service application to build 

confidence in storage technology costs. Manz’s resolution is to consider performance 

benefits with the more conventional incumbent technologies (i.e., fossil fuels and natural 

gas). To make the case for uniformity to clearly define cost, Manz in the same 2012 work 

poses four questions to make the business case:  

1. “What is the total capital cost of the storage device (or system)?” 

2. “What is the total capital cost of a storage device (or system) for a specific 

service?” 

3. “What are the operating costs associated with owning and operating a 

storage system?” 

4. “If funds are invested elsewhere, is there a better return on investment?” 

If the responses to these questions about energy storage technologies deployment 

from Manz are not positive, then there is a limited path forward in developing energy 

storage projects. According to Baxter [2018], negative responses to any of Manz’s query 

could result in dismissing ESS investments until technical and economic benefits are 

realized. Manz [2012] does not offer a model to help make those decisions. 

Lamont [2013] tends to agree with Manz’s business case approach to ESS—based 

on a high marginal value of storage. On the other hand, Poonpun’s 2008 study shows that 

costs for energy storage are too expensive for high penetrations, and that no serious 
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business case can be made to use the systems until there is something close to economies 

of scales. He responds to the business case argument by recommending two main costs to 

consider for the viability of energy storage—energy costs and the cost of individual 

storage elements (batteries and reservoirs) that have per-unit costs. Lazard [2018] 

established the cost or value of energy storage by ranking technologies. This ranking can 

be determined by investment costs and replacement frequency. Establishing basic, 

predictable costs is consistent as the basis of developing a techno-economic model for 

energy storage. In general, techno-economics have not been the industry’s focus [Batte, 

2015] but should be done in the investigation of LCCs.  

Congressional Report GAO-18-402 from May of 2018 introduced other factors 

that affect storage costs and deployment: technology readiness, safety concerns, and 

proper siting make storage costs competitive while providing a means of improving cost 

competitiveness. The same report concludes that decisions to invest in storage must 

consider costs and benefits. Benefits depend on the location of the ESS and the number of 

applications and are hard to quantify in a discussion of system costs. Consider also that 

some benefits are not even tangible. For example, grid resilience is an ESS benefit that 

principally cannot be monetized in long-term cost scenarios. 

Aggregation of distributed sources tend to reduce expenses and costs by requiring 

fewer, more efficient resources, like peaker plants—thus reducing fuel costs according to 

a study by Ariss [2016]. The cost in this instance is spread across applications. This 

practice of generalizing cost elements or creating a catch-all parameter is contrary to the 

approach in this study or what is recommended by DNV KEMA [2013]. 
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 Calculations and Modeling for Energy Storage Technologies 

Schoenung created a series of studies [Schoenung 2003, 2011] to express 

electricity storage benefits and costs by using consistent assumptions. The goal was to 

create a method that would allow researchers or utilities to consistently distinguish TCCs 

of individual storage technologies to set the groundwork for establishing the framework 

for LCC analysis. Schoenung [2011] used energy to power ratios that specify long-term 

and short-duration grid applications to create a calculation model that includes efficiency, 

cycle life, initial capital costs, operations and maintenance, and storage device 

replacement costs. Schoenung had access to data from certain U.S. Department of Energy 

sponsored research projects. Schoenung continued to develop the model by categorizing 

storage applications as short capacity and the need for discharge features. She constructed 

three scenarios that dealt with duration, location on the grid, and application.  

The Schoenung [2003, 2011] studies on energy storage costs eventually provided 

an approach to express LCCs. More than 20 different ESS technology applications were 

considered along with several figures of merit: capital cost, operation and maintenance 

(O&M), and replacement costs. The storage technologies in the 2003 Schoenung report 

included batteries, supercapacitors, hydrogen, pumped hydro, and CAES. 

Three conclusions from the study were (1) batteries could address all applications, 

(2) replacement costs influence lifecycle, and (3) costs tied to power applications are 

typically more dependent on discharge profiles. 

X. Li’s cost calculations [2018] also considered two main cost categories. They 

were initial costs and O&M costs. In his paper, Li indicates that some costs usually 

happen at the beginning of a project (procurement, hardware packs), while others like 
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O&M happen during the whole life. In Li’s calculation, charging cost was the most 

significant O&M cost. Replacement costs had somewhat unreasonable metrics of 5 to 20 

years as the frequency intervals. It is impractical to think that the ESS will function for 20 

years without replacement.  

Schmidt’s 2019 calculations for ESS LCCs were aided by a panel of experts. The 

data from Schmidt does not appear to be commonly used by other studies that analyze 

capital costs and LCCs of storage systems. Using the survey approach to ascertain costs 

appears reasonable only when balanced by a review of the other sources that include 

manufacturers’ data or historical data that has been properly vetted. Schmidt’s data did 

not closely match data from Battke [2013], EPRI [2010], Kintner-Meyer [2010], or 

Steward, et.al [2019]. The inconsistency in costs applied to: stationary battery 

applications, storage packs used for transportation, and batteries in portable applications. 

Battke [2013] makes this case that inconsistencies in the costs and performance of 

battery technologies are due to the high variations of input parameters. He does not 

provide a template, process, or protocol that tracks routine energy storage performance in 

systems tied to the grid or capable of providing grid-level services. 

In calculating price per energy or power capacity Schmidt and Staffel [2017] 

performed linear regression of identified product price. They developed the ‘experience 

curve’ based on peer-reviewed literature, industry reports, and energy storage databases. 

The work appears to be concerned about accuracy of the data at every step in LCCs. The 

authors admit that missteps have serious consequences for investors and users of ESSs. 

Schmidt and Staffel [2017] advance the topic of ESS costs by offering a price breakdown 

for each electrochemical and mechanical energy storage type that can be tied to the grid 
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according to a low, middle, and high $/kW range of raw material costs needed for the 

manufacture of the ESS. 

Cost projections are key to understanding the various use cases available for 

energy storage to enhance grid performance storage in transforming the grid to become 

“smarter.” The models that define system behavior, costs, operational status, etc., help to 

inform investors. But which model should be used? For what purposes? 

The issue with models designed to assess value is completeness. Energy storage 

has attributes that distinguish it from traditional generation sources. Technical 

characteristics drive the use of ESS and affect the values tied to ESSs. Those 

characteristics are the capacity to act as generation and load, mobile housing, and 

placement behind the meter for end users. Balducci [2018] demonstrated that even 

though several ESS valuation models have been developed, each tends to fail in its own 

way by not clearly listing ESS capabilities tied to costs. This is the case with storage and 

utility models [Balducci, 2018] where no existing model can evaluate the full range of 

values—thus they cannot perform a co-optimization routine to provide the maximum 

value to each grid service. Refer to Table 2-8 from Balducci [2018]. 
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Table 2-8. Energy storage technology valuation tools 

Name of 
Tool 

Developer Primary Function User Requirement 

BSET PNNL Optimizes scheduling of 
multiple ESS case streams 

Provide time-series 
values & energy signals 
per case 

VET EPRI Co-optimization for 
transmission/distribution-
connected ESS 

Price-taker (input) 

DER CAM LBNL Evaluates microgrid costs Behind-the meter costs 
knowledge 

Advanced 
Storage 
Optimization 

ALEVO Assessment of large-scale 
ESS deployment in 
Massachusetts 

Knowledge of use 
cases, sizes, location, 
ESS types tied to state’s 
grid 

ESCT Navigant Calculation of ESS benefits Select primary use case 
(assumed to yield 
highest value) 

PLS CE E3 Explain load-shifting cost 
effectiveness for California 

Provide system impacts, 
customer loads, and net 
present value over 
lifetime of ESS 

ES Select KEMA/DNV Evaluation of ESS cash 
flow 

Identify desired ESS, 
use case, and location 
on grid 

REopt NREL Provide value for BTM 
installations 

Hourly data and 
function of ESS type 
used in microgrid 

 

These models are generally part of valuation studies to evaluate bulk energy, 

transmission prices, and behind-the-meter (BTM) use cases. The output of the models are 

values provided by very specific ESSs, assessments for particular states, or cost-effective 

scheduling of grid services from the utilities’ perspective. The Balducci models are not 

for the casual user and may require knowledge of time-series values, market signals, 
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power flow calculations, etc. The models that will be produced in this ESS research are 

intended for a wide variety of stakeholders but targets investors in particular. 

Balducci [2018] is very specific about the subject of energy storage valuation. He 

proposes the ideal ESS storage model as having the following attributes: 

• Thorough representation of the internal state of the device 

• Estimation of electrical system effects due to the operation of the ESS 

• Estimation of market impacts due to operation of the ESS 

• Accounting for uncertainties in provided forecasts 

• Mathematical optimization that considers all possible services 

simultaneously 

• Ability to define the optimal ratings and location 

• Freely available and easily accessible 

This author agrees when Balducci concedes that each model does implement 

some part of the ideal such as optimizing across a limited number of use cases, including 

some market data, and the tendency to use simplistic representation of the battery’s 

internal state. Balducci insists that most of the models ignore battery lifetime and 

degradation effects; Baxter [2018] agrees. The scope of this paper only considers 

degradation as it relates to battery life and replacement of parts over time. Balducci 

suggests that ESS models which include a battery that is assumed to be be fully 

operational until it reaches end of life is not a good metric for ESS cost analyses. 

Some modeling techniques that may be instructive include production cost models 

that offer both energy and ancillary services. Production cost models are tools with an 
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objective function maximizes profits for market participation. Such a model when applied 

to bulk energy storage at generation such as microgrids for local generation is preferred 

[Staffel, 2019]. Models that can account for impacts of storage on prices are useful as 

they could eventually be used for Renewable Portfolios. This research does consider the 

Query of Energy Storage Technologies (QuESt) tool but does not find a meaningful way 

to compare price and cost data for the ESSs in this study. 

2.7. Treatment of Outliers 

The projects in this study are used for many different purposes. Some are used in 

academia and are tested to failure. Other projects represent costly investments for 

community energy storage and are operated according to the manufacturer’s suggestion. 

And some projects represent an aggregate system. Parameters like rated power will not 

change, but the duration, capacity, and function may change with respect to cycling. 

Further, some systems have been adjusted in their function and may be called on to 

perform more services than the original plans or designs. Consider also that there may be 

flaws in reporting. These all contribute to the presence of outliers in the data. 

Pollet [2017] acknowledges that outlier ‘handling’ can influence results of a 

study. Pollet’s work in medical testing concluded that “in 14%-55% of significant cases, 

a test with outlier exclusion yielded significantly statistical results.” However, tests with 

outlier inclusion did not have significantly statistical results. Bakker and Wicherts [2014] 

did not find any evidence that removal of outliers resulted in weaker evidence in their 

psychology research studies. The latter encouraged having a protocol at the start of a 

study for how to handle outliers. Auginis [2013] uncovered 20 different ways that 

researchers handle outliers while admitting to confusion in scientific circles about how to 
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address outliers that can significantly alter results. The recommendation is to not 

indiscriminately delete outliers without a reason or without demonstrating the effect of 

including or excluding outliers. This study constructs models for TCC and LCC that 

includes all outliers and another set of models that excludes or minimizes outliers. 

2.8 Summary and Conclusion 

In summary, the most significant peer-reviewed contributor to this study is 

Schoenung [2003, 2011].  Her work provided a cost component model now accepted 

industry-wide for total capital costs composed on the power conversion system, the 

storage unit, and the balance of plant. An important gap is that the series of studies do not 

provide a complete listing of what composes the balance of plant. Zakeri [2015] shares 

case study data for the intrinsic value ranges for system performance per battery type and 

offers formulae to calculate an ESS’s annualized life cycle costs. Annualized costs afford 

the researcher the ability to compare ESSs to one another regardless of their chemistries. 

Zakeri fails to list a potential disposal or recycling cost for the ESSs in his calculation of 

LCCs. Manz [2012] is opposed to installation of even one energy storage system without 

understanding long-term financial obligations. His series of questions do offer 

considerations for pricing though not costs. Balducci [2018] describes the current set of 

ESS models for grid functions; but his focus is on market impact not costs to the investor. 

Battke’s 2013 work does provide cost data for four of the five ESSs that are modeled in 

this study (Lead-acid, Li-ion, NaS, and VRFB). The data is suspect as it is from energy 

storage vendors and is somewhat dated. Lastly, Aguinis [2013] shares insights on how to 

consider treatment of outliers in regression models. The guidance is helpful in identifying 

outliers but does not definitively state the statistical results of either including or 

excluding outliers. It does, however, advise inspection of the outliers to determine their 
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contribution to a best-fit model. A common vernacular, verifiable data, and use of 

industry standards all add to development of effective statistical models. 
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Chapter 3 —Methodology 

 Introduction 

In 2015, the global investment in clean energy and associated technologies was 

$349 billion [Schmidt, 2018]. In the United States, it is very likely that some of that 

spending was due to state-level requirements to add renewable generation to local 

electricity grids or to meet FERC orders. It is fortuitous that utility operators have 

discovered multiple uses of the various ESSs beyond renewable energy support. It is in 

the interest of grid owners and operators to establish or enhance a model that specifies 

initial and lifetime cost projections of ESSs needed to support renewables and other grid 

functions.  

The goal of this paper is to provide a model that accounts for relevant TCC and 

LCC considerations that can help with ESS capital investment decision-making. To meet 

the objectives of this work, the methodology for this study includes: 

1. Using theoretical background information from peer-reviewed literature on 

ESS technologies and associated technical performance parameters to perform 

the TCC and LCC calculations 

2. Gathering real-world data that can be used in technical publications for 

academia from a specific database called the U.S. Department of Energy/ 

Sandia National Laboratories Global Energy Storage Database (GESDB) 

3. Providing techno-economic analyses of the TCC and LCC models  

4. Discussing the results of the TCC and LCC models 

5. Assessing the accuracy of the TCC and LCC models based on the projects in 

this study; and 

6. Providing suggestions for future work  
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 Nature of the Data for this Study - Calculating Energy Storage Costs 

This study uses data from the U.S. DOE/Sandia National Laboratories’ Global 

Energy Storage Database, cost studies from Schoenung [2011], Zakeri and Syri [2015] 

intrinsic electrochemical performance values, and projected manufacturing costs from 

Schmidt [2018]. The last three studies present cost-related ESS models that were 

developed by conducting subject matter expert interviews, review of historic data, and 

cost sheets or manufacturer survey responses. 

 Rational for use of the DOE Global Energy Storage Database 

The GESDB is called the go-to source for unbiased, up-to-date information on 

energy-storage projects. It contains data about projects in vertically integrated utilities as 

well as those that are in competitive markets (e.g., PJM, MISO). The resource has all the 

major energy storage types and the matrix of services provided to the grid across the 

country and globally. The database is publicly accessible and simple to use. It is an open-

access resource with detailed energy-storage project data from installations around the 

world. The tool also allows users to contribute data through a third-party vetting process. 

The GESDB website is maintained by the DOE Office of Electricity (formerly the 

Office of Electricity Delivery and Reliability). Figure 3-1 is a snapshop of North 

American ESS projects in the database from 2017—red representing regional data, 

yellow state-level summaries, and blue indicating city and local projects. All data can be 

exported to Excel or PDF.  
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Figure 3-1.  Graph of North American Grid-Connected ESS Projects in the GESDB 

The reason this tool is a primary resource is because of the other partners who 

contribute to the site, who also do their due diligence to vet ESS projects that reside in the 

database. The partners are [Hernandez, 2016]: 

• The Australian Energy Storage Alliance is an independent and unbiased 

advocate and information hub, whose mission is to advance the role of 

safe, clean, and cost-effective energy storage in Australia and New 

Zealand. 

• The California Energy Storage Alliance (CESA) is a membership-based 

advocacy group committed to advancing the role of energy storage in the 

electric power sector through policy, education, outreach, and research. Its 

membership includes technology manufacturers, project developers, 

systems integrators, consulting firms, and other clean tech industry 

leaders. CESA is technology and business model-neutral and is supported 

solely by the contributions and coordinated activities of members. 
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• The China Energy Storage Alliance (CNESA) is the first and only non-

profit, member-based energy storage association in China. Its members 

consist of energy storage technology developers, renewable energy 

manufacturers, venture capital firms and energy storage research 

institutions.  

• The India Energy Storage Alliance (IESA) was launched in 2012 by 

Customized Energy Solutions to promote Energy Storage and Micro grid 

technologies and their applications in India. IESA also provides insights to 

technology developers and system integrators on policy and business 

opportunities in India. 

• The New York Battery and Energy Storage Technology (NY-BEST™) 

Consortium was created in 2010 to position New York State as a global 

leader in energy storage technology, including applications in 

transportation, grid storage, and power electronics. NY-BEST serves as an 

expert resource to energy storage-related companies and organizations 

seeking assistance to grow their businesses in New York State. This 

includes access to financing, research capabilities, potential partners, 

technology developers, manufacturers, and other private sector and 

government resources.  

• Strategen Consulting were partners to assist in constructing the GESDB 

provided insight to governments, utilities, research institutions, technology 

providers, project developers, and large energy users seeking to evaluate 

and implement next generation grid and clean energy technologies. Their 
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clients want expertise in developing business models, commercial 

strategies, financing tools and regulatory support when addressing energy 

storage needs. 

Finally, the GESDB is an important tool for this study because it includes storage 

systems that have been vetted on a routine basis to maintain its research grade status. It 

includes technical performance parameters, ownership and georgraphic data for systems 

that are operational, underconstruction, and decommissioned, some installation costs, and 

each ESS’s use case summary. 

 Schoenung –Energy Storage Systems Cost Updates 

Susan Schoenung has produced a series of energy storage cost reports for the U.S. 

DOE and Sandia National Labs. In 2001, Characteristics and Technologies for Long- vs. 

Short-Term Energy Storage described the results of a study on stationary energy 

storage technologies for applications that were categorized according to storage 

discharge time. A wide variety of storage technologies were analyzed according to 

performance capabilities, cost projects, and readiness to serve grid applications, and 

the advantages and disadvantages of each technology type. 

In 2003, Schoenung’s report, co-authored by William Hassenzahl Long-vs. Short-

Term Energy Storage Technologies Analysis: A Life-Cycle Cost Study for the DOE 

Energy Storage Systems Program, expanded on the earlier study but focused on three 

application categories and provided lifecycle cost analysis (LCCA) for a variety of 

different storage technologies. The figures of merit included capital cost, O&M, parasitic 

losses, and replacement costs. The results were presented in annualized costs. 
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Schoenung’s 2011 work established a methodology for calculating net present 

worth of energy storage systems that served utility applications. Many assumptions made 

by her are still used in industry today to establish ESS cost/benefit comparisons 

regardless of technology type. This paper uses annualized costs to examine costs of 

technology types regardless of their operational characteristics. 

 Zakeri and Syri: Lifecycle Costs Analyses 

These authors’ goal was to help grid operators and regulators understand 

economic implications of installing large-scale energy storage projects. They developed 

an analysis tool for electricity storage systems by first doing an exhaustive comparison of 

the existing literature on ESS LCCs at the utility-scale. Like Schoenung, they provided 

updated data for capital costs, O&M costs, and replacement costs. Their study included 

similar energy storage technologies as this researcher—electrochemical batteries, flow 

batteries, and pumped hydroelectric storage as well as the levelized cost of storage. Their 

assumptions about the basic storage model unit and balance of system costs are consistent 

with Schoenung. The long-term costs produced in Zakeri’s study served as a second 

resource for this researcher for verification and validation of the models established. 
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 Basic energy storage costs - TCC 

The basic cost elements of an ESS are the storage unit, the power conditioning 

system, and the balance of plant.  Power conditioning includes electrical protection 

devices and connects the system to the transformer. The storage unit includes racking, the 

frame, and breakers. The balance of plant typically includes the container, 

communication, heating, ventilating, and air conditions (HVAC) system, and fire 

suppression. These are the common elements, but one should be aware that in cost 

distribution, not all authors compose the balance of plant to include all the same 

functions.  

 Basic energy storage costs – LCC 

3.2.5.1. TCC as the basis of LCC 

The TCCs derive from the three basic elements of an ESS: the storage unit, the 

power conversion system, and the balance of plant. TCCs are the building blocks for the 

LCCs.  

Formulae used to determine TCCs and LCCs: 

tccmf = [costpcs + costbop + coststor * h] $/kW/h h is duration (hr) [Schoenung, 2003] 

To determine LCC the following costs are required: [Zakeri, 2015] 

TCC annual, O&M annual, Replacement annual 

where tccmf is the total capital cost based on manufacturers’ specifcations, 

TCC annual is annualized TCC 

O&M annual is the annualized Operations and Maintenance costs, 

Replacement annual is the annualized Replacement costs of the ESS 
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Annualized Costs Formulae: 

tccannual = tccmf * RF RF is the recovery factor 

RF = i(1+i)T/[(1+i)T -1] i is an assumed interest rate 

   T is the projected lifetime of the Technology 

 Assumptions: i = 10 percent, T is 10 years 

Rc = Replacement Cost 

REPannual = Annualized Replacement Cost   

REPannual = [RF * � (1 + 𝑖𝑖)−𝜅𝜅𝜅𝜅𝑟𝑟
𝑘𝑘=1    * �𝑅𝑅𝑐𝑐∗ℎ

𝜂𝜂𝑠𝑠
� ] 

r is the number of replacements 

i is the assumed interest rate 

t is the replacement period (yrs) 

Rc is the replacement cost 

h is the discharge time (hrs) 

ηs is the system efficiency 

 

O&Mannual = (costFOM + costVOM + n*h) $/kW-y  n is the number of discharge cycles 

       h is the discharge time (hrs) 

LCC annual = (TCC annual + O&M annual + REP annual) $/kW-y 
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 Arriving at the Best Fit Model – Summary Overview 

After the literature review, the TCC and LCC are calculated by using the 

equations in Section 3.2.5 for the the electrochemical category projects in the GESDB. 

The pumped hydro projects are location-specific and thus removed from the modeling 

considerations. The specific electrochemical technology types for this study are Lead-

acid, Lithium-ion, Sodium Sulfur, Vanadium Redox Flow Batteries (VRFB), and Zinc-

Bromine (ZnBr) batteries.  

The model development process for this study begins with visualization of the 

distribution of observations from the manufacturers’ data and theoretical TCC values 

associated with each ESS type. Stepwise multiple linear regressions are performed using 

(non-cost) technical performance predictors for the total capital costs and life cycle costs.  

The predictors for this research are manufacturer’s power rating, system duration, 

capacity; the high discharge rate, efficiency rate, battery lifetime, energy density, specific 

power, replacement time in years, and the geographical location indicated by a system’s 

latitude and longitude.  

Statistical criteria are used to determine best fit for the final models where the 

response variables are TCC and LCC respectively. After development of TCC and LCC 

models that encompass all projects in the category, a similar process was devised to 

determine the viability of models for each individual ESS technology type. This can serve 

as a baseline for future study. Random forest routines are applied to determine the 

accuracy of the best-fit models. A summary chart of the capital and life cycle costs for 

each ESS type is then presented. 
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3.3.1 Developing the TCC Model – Data Handling 

The TCC model is built from data that contains 1261 subjects with 106 variables. 

Variables that do not relate to the model predictors (e.g., ownership type, operational 

status, regional market organizations, and cost data) are deleted from the dataset. The 

reduced data includes the original 1261 subjects, but only eleven predictors. Histograms 

of the real-world response variable and theoretical model’s response variable are 

reviewed to determine if data transformations are required. 

A correlation analysis is performed to ascertain the strength of the relationships 

between the dependent and each independent variable as well as between and among 

independent variables. The goal is to determine if there are high correlation scores at 

greater than 50 percent between the dependent variable and each of the independent 

variables and low correlation scores at less than 50 percent between predictors. The 

pairwise correlation scores and analyses are used as indicators but not selection criteria of 

significant predictors for the TCC models.  

The next process involves sidewise multiple linear regressions. The original 1261 

projects with the eleven predictors, less the 351 pumped hydro entries, were subjected to 

backward elimination, forward selection, then stepwise multiple linear regression for all 

possibilities. Each summary report of the multiple linear regression (MLR) is reviewed 

for residual values and the list of coefficient estimates. Residuals are important as they 

indicate the difference between the observed and predicted values. In the residual report, 

F-statistic p-values greater than 0.0500 indicated models that were not viable. In the 

coeffient estimates summary, any predictor with a p-value greater than 0.0500 was 

eliminated from the dataframe and the model rerun until all coefficients had p-values less 
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than 0.0500. Any variable coefficient estimate with an N/A result was eliminated from 

the pool of potential model predictors.   

After evaluation of all predictors with appropriate p-values, the model was 

scrutinized to determine if it met basic assumptions of linear regression, namely: 

• Linearity between the response and predictor variables 

• Independence of residuals (little or nor multicollinearity) 

• Normal distribution of residuals 

• Equal variance of residuals (homoscedasticity) 

Linearity was verified visually by inspecting the graph of residuals versus fitted 

values. Independence of residuals was tested by use of the Variance Inflation Factor (or 

VIF). Even if the variable coefficient estimate had a p-value less than an alpha of 0.0500, 

a VIF greater than 10 resulted in elimination of that variable as a predictor and required 

the model to be run again less that predictor. A Q-Q plot was the visual tool along with 

the Shapiro-Wilk test (SWT) statistic used to evaluate normal distribution of residuals. 

Ideally a Q-Q plot contains data points that closely follow the regression line, with few 

heavy tails. The best SWT has a score close to unity and a p-value greater than 0.0500. 

The non-constant variance (ncv) assumption was tested with the graph of the square root 

of the standardized residuals versus fitted values. A superimposed horizontal line (from 

the R-script software) at the zero or the ncv test with a p-value greater than 0.0500 

satisfied the homoscedasticity assumption. R-Script’s Global Values Linear Model 

Analysis (gvlma) was used as a general overview for linearity, skewness, and 
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heteroscedasticity but were not decision metrics. The same TCC data-handling process 

was applied in the prediction of the LCC for the ESSs. 

 Models were constructed based on the following conditions: 

1. Stepwise Multiple Linear Regression (MLR) for TCC 

a. Original TCC (with and without outliers) 

b. Transformed TCC (with and without outliers) 

2. Stepwise MLR for LCC 

a. Original LCC (with and without outliers) 

b. Transformed LCC (with and without outliers) 

3.3.1.1. Minimization of Outliers 

Consider the GESDB data used for this study. It was collected by several different 

people over a period of years and from global partners representing many different 

languages, who did not always agree on ESS terminology. It is reasonable to anticipate 

outliers in the dataset. A realistic approach is to compute the regression equation that 

defines the model with and without the outliers. Given the nature of the data and that 

linear regression is particularly sensitive to outliers, this study predicted TCC and LCC 

models with and without outliers. 

Code was written in R-Studio (version 3.4.4) to accommodate three methods of 

identifying then eliminating outliers. The routines used were as follows: (1) align the 

boxplot with the model’s data along the horizontal axis then systematically reduce data 

beyond the upper or lower quartiles (2) use the identify function to select outliers from 

the population; and (3) construct graphs of Cook’s Distance then eliminate all outliers 
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until the system has no more outliers to eliminate. The Cook’s Distance approach is the 

process used to identify the minimal dataframe for both TCC and LCC models for this 

study. Refer to Appendix C for the graphical results after removing all outliers from the 

TCC and LCC. 

 Developing the LCC Model 

The LCC Model was developed by using the manufacturer’s data much the same 

way as the TCC based on the manufacturer’s data observations. Additionally, formulae 

were used to calculate annualized LCCs. The formulae are listed in this chapter in 

Section 3.2.5. This study assumed a 10-year, 10 percent interest rate for each ESS. This is 

the standard used by Schoenung [2011] for the TCC and also the standard used in the 

framework analysis work done for LCCs. The same routine of data handling, variable 

selection, elimination of outliers, and application of statistical tests for model fitness was 

performed for the LCC Model. 

3.3.2.1. LCC Formulae and Disposal Costs Assumptions 

The formula for annualized LCC calls for disposal and/or recycling costs for ESS 

end-of-life considerations. There are 50 decommissioned projects in the GESDB; none of 

the ESS owners have reported or listed disposal or recycle costs. The data on disposal 

costs simply is not readily available if it exists at all. For this reason, the disposal costs 

were not used to compute annualized LCC when developing a reference. This study 

assumed the disposal costs to be low enough to not significantly alter the final LCC used 

to vet models for this research. 
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3.3.2.2. Random Forest 

Random Forest algorithms uses the same concept of Decision Trees and can be 

used for both categorization and regression. This study applied the random forest 

function to determine how quickly the LCC model learned to produce the TCC or LCC 

model. Both predictions utilized non-cost variables as predictors, statistical analysis tools 

based on residuals, and the requirement that the model satisfies linear regression 

assumptions. The training set is composed of 70 percent of the full dataset to identify 

patterns in the model’s data. The test set uses the remaining 30 percent as an indication of 

how well the model learns - the degree to which one can trust the TCC and LCC models 

under all conditions requested (outliers, transformed, etc). 

Generic websites and resources have described how Random Forest works. 

Paraphrasing https://syncedreview.com/2017/10/24/how-random-forest-algorithm-works-

in-machine-learning/, random forests work as follows: 

(a) Randomly selected m features from T, m << T 

(b) For a node d, the algorithm calculates the best split among m features 

(c) The node is split into two daughter nodes using the best split 

(d) Step c is repeated until n number of nodes are reached 

(e) Build the forest by repeating Steps a-d for D number of times, where 

T is the number of features or predictor variables. 

D is the number of trees to be constructed 

V is the output (class with the highest vote) 

https://syncedreview.com/2017/10/24/how-random-forest-algorithm-works-in-machine-learning/
https://syncedreview.com/2017/10/24/how-random-forest-algorithm-works-in-machine-learning/
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Finally, the mean absolute percentage error (MAPE) for the Random Forest 

training and test results are provided. The MAPE is an indication of the prediction 

accuracy of the Random Forest algorithm 

The results from this researcher’s model were evaluated to present a summary of 

TCCs and LCCs for all ESSs compared to Schoenung [2011] and Zakeri [2015] then for 

individual ESS types – representing the expected TCCs and LCCs.  The mean absolute 

deviation (MAD), mean squared error (MSE), root-mean-squared error (RMSE), and 

mean absolute percentage error (MAPE) were used to check the accuracy of the models 

developed from this study. 

 R-Script as the Preferred Analysis Tool 

R-Script (April 2018 R version 3.4.4) was the programming language and tool 

used to answer the research questions. R is free, provides the environment for statistical 

computing, and features visualization of results through its graphics libraries to aid the 

user in performing data analysis. There are many avenues to arrive at the same answer in 

R—it is a language that is individual and can be executed in code that suits the user. The 

variation and options available for this particular software made it attractive tool to 

perform difficult or even repetitive large data-handling tasks.  

 Summary Discussion of Methodology and Tools 

3.5.1.1. TCC & LCC Analysis Tools  

Tools used to analyze the TCC model include the regression coefficients, residual 

plots, residual standard error scores, R-squared statistic, the F-statistic p-value, the 

Durbin-Watson score, and Shapiro-Wilk test (SWT) results. 
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In multiple regression, the regression coefficient is the slope between the response 

variable(s) and the predictor variable and is an indication of how the response changes as 

the predictor increases. Except for the y-intercept, the coefficients are the multipliers of 

each variable in the final model. An additional error term is part of the final model and is 

based on the residual standard error and the studentized t-distribution value.  

Residual analysis is used to evaluate the goodness of fit for a model. Each data 

point has a residual. The residual plots are visualizations of the difference between the 

observed value of the response variable from the scatter plot and the predicted value of 

the response, from the regression equation line, represented in this study by the symbol y-

hat (ŷ). 

R-squared is the measure of how close the data in the model are to the fitted 

regression line. It is a percental that explains the model’s variability around its mean. It 

indicates the strength of the relationship between the model and the response variable. 

The adjusted R-squared is an adjustment of R-squared to accommodate the change in the 

number of predictors in the model. In this study, the significant statistic is the adjusted R-

square, with significance being attached to a score at or above 50 percent. 

The p-value is a measure of the significance of the probability of the event 

occurring and indicates the significance of the results. A small p-value is interpreted as a 

value below 0.0500. The lower the value of p, the larger the effect and the more 

convincing the evidence leading to a rejection of the null hypothesis. The software 

indicates with an asterisk the significant p-values for coefficient estimates. Three is the 

highest number of asterisks used for models in this study. Any variable and coefficient 

combination with at least one asterisk and a p-value less 0.0500 was an acceptable metric. 
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The coefficient was regarded as practical and a significant factor to build the TCC or 

LCC model. 

The software contains several packages and libraries to test for conditions 

necessary to perform linear regressions. The Durbin-Watson statistic is a measure of 

autocorrelation in the predicted errors of a regression. In the code, it is listed as dwt. A 

score 0 to less than 2 indicate positive autocorrelation. A score between 2 and 4 point to 

negative autocorrelation. In this study, a score DW score between 1.500 to 1.999 was 

considered as passing the requirement of non-autocorrelation for regression models.  

Normal Q-Q plots provide visual check to determine the normality of residuals. 

The fortify function is helpful in plotting residuals against the fitted values. When the 

data point fall along the fitted line, then the data are normal. The Shapior-Wilk test 

(SWT) used in conjunction with Q-Q plots to indicate normality in the distribution of 

residuals. A score greater than 0.500 for the SWT in this study was interpreted as meeting 

the normality criterion to develop a linear regression model. 

Discussion of results for this study are based on the system engineering statistical 

tools used, data manipulation, and how closely the quantitative results match the key 

objective of determining TCC and LCC. The study makes use of the statistical summaries 

for correlations, variable selection ranking, plots of the residual versus fitted results of 

regressions, p-value, the F-statistic, etc. Graphs were used to compare the manufacturer’s 

TCC against the theoretical values provided by Scheonung as the industry standard. The 

LCC in this study was calculated based on Zakeri’s formulae. There is no industry 

standard for LCC, but the figures of merit in assessing model quality were used in the 

same manner as TCC – MAD, MSE, RMSE, and MAPE, all of which can be used to 
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determine if a model has been heavily influenced by outliers. Lastly, because of the 

potential for a non-uniform distribution, models were also constructed with and without 

transformation of the response variables (TCC and LCC, respectively). 
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Chapter 4 — Results 

 Introduction 

The goal of this work is to create models derived from manufacturers’ data and 

industry standards that indicate the expected total capital costs and life cycle costs of 

grid-level energy storage systems. Total capital costs are tied to initial investment dollars 

and life cycle costs are needed to assess return on investment.  

The dataset is from the December 2017 version of the U.S. DOE Global Energy 

Storage Database. It contained 1261 projects characterized by 106 variables. Because the 

focus is non-location specific projects that are flexible and scalable, the 351 pumped 

hydroelectric projects were eliminated as candidates for the model. Additionally, because 

some of the systems are one-offs, or tested to failure, or operated below manufacturers’ 

margins, it was important to understand the construction of models with and without 

outliers. Subsequently, Cook’s Distance sequence reduction process was used to scrub 

outliers from the 910 subjects, with 338 projects as part of the model selection when 

investigating the effect of minimal outliers for the total capital cost (TCC) and 364 

projects for the life cycle cost (LCC).  

During the initial scrub of the data, variables related to cost (PCS Cost, Energy 

Storage Unit Cost, BoP Cost) were eliminated along with variables that did not contribute 

to the technical performance of the ESSs such as state or country, equity owner type, 

markets and regional transmission organizations, etc. Both the TCC and LCC models 

began with eleven variables. The observed variables were manufacturer’s rated power, 

system duration, capacity, latitude, and longitude. The variables that were constants, tied 

to historical performances of each ESS used in this study were the discharge rate, 
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efficiency, battery lifetime in years (high end), specific power and energy density, and 

time for replacement of parts in years—all quantitative values provided by Zakeri [2015].  

This chapter shares the results and analyses of the various processes used to 

develop the models in three sections: correlation analysis, multiple linear regression 

techniques to predict the TCC and LCC for real systems in the DOE GESDB and random 

forest algorithms for both the TCC and LCC. R-Script is the software language used to 

develop the models. The data was divided into two parts—outliers and minimized 

outliers. The results are expressed in summaries and take the form of graphs, tables, and 

programming codes. 

Prior to performing the correlation analysis, a histogram of the TCC response 

variable was plotted. Figure 4-1and Figure 4-2 indicate that neither the GESDB 

observations nor the Schoenung distribution of TCC is normally distributed. This was 

expected as distributions that involve time, distance, and money are likely to be skewed, 

primarily right-biased. Negative values associated with a normal distribution do not make 

sense in this instance. These graphs are the first indication that some type of transform of 

the response variable (TCC) will be required to complete the linear regression 

(predictions). The log transform was selected to smooth out the distribution in the 

response variable TCC. There is no Schoenung LCC model, but the calculated LCC 

exhibited a similarly biased distribution as the TCC. A log transformation was applied to 

the TCC and the LCC and became part of the correlation and sidewise multiple linear 

regression analyses to develop the optimal predictive models. 
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 Distribution Graphs TCC 

 
Figure 4-1. GESDB: TCC ($/kW) distribution 

 
Figure 4-2. Schoenung’s TCC ($/kW) distribution 

 Correlation Analysis 

The purpose of correlation analysis was to determine the strength of the 

relationships between and among variables. In Table 4-1, there were 908 subjects 

evaluated of the 910 available, and the TCC (listed in code as the “tccmf”) and log 

transform (“logtccmf”), where “mf” relates to the manufacturer, were correlated with 

observations from manufacturers’ data: manufacturer’s rated power, system duration, and 
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system capacity then against industry standard ‘constants’ that are intrinsic to the ESS 

technologies in this study. 

Based on the criteria of a high correlation score that also has a low p-value, the 

system duration with a tccmf score of 0.8769, a log tccmf of 0.7455 and p-values less 

than 2.20E-16, one can infer that tccmf and system duration are strongly correlated. Thus, 

system duration appears to be a reasonable, statistical predictor of TCC. On the other 

hand, the high efficiency rate, represented on the chart in Table 4-1 as “effhi”, has the 

lowest total capital cost per manufacturer’s observations (tccmf) correlation score 

(0.0018) and the highest p-value of 0.9566 amongst all of the predictors. The correlation 

score of -0.0140 for the log of the total capital cost (log tccmf) indicates that efficiency 

has a low negative correlation when the response variable (tccmf) is transformed. It does 

not exhibit the statistical signature to be used when compared to the other constant values 

in the study. The high discharge rate with a negative correlation value for both tccmf and 

log tccmf also does not have the required p-value. It is by far, however, the best intrinsic 

constant as a predictor of TCC and LCC. 

Table 4-1. TCC Response Variable vs Predictor Variables for tccmf and logtccmf 

Variable logtccmf_pvalue tccmf_pvalue logtccmf_cor tccmf_corr tvalue tvalueforlog 

908 DF       
mfratpwr 0.8507 0.8313 -0.0062 -0.007 -0.2130 -0.188 
sysdurhr 2.20E-16 2.20E-16 0.7455 0.8769 54.999 33.712 
capacity 3.38E-06 2.53E-05 0.1533 0.1391 4.234 4.675 
dschghi 0.0566 0.0875 -0.0632 -0.0566 -1.7102 -1.908 
effhi 0.6726 0.9566 -0.0140 0.0018 -0.0549 -0.422 
lftmhi 0.2731 0.513 -0.0363 -0.0217 -0.654 -1.096 
lfcychi 0.0072 0.1127 0.0888 0.0526 1.587 2.689 
engenhi 0.2081 0.4579 -0.417 -0.0246 -0.7426 -1.259 

 



66 
 

Correlation analysis also requires determining the relationship between and 

among predictor variables. In this case, the optimal values would be low correlation 

scores when there is a pairwise comparison. 

Table 4-2 has results of the pairwise correlation comparisons between 

independent variables for the projects used to build the TCC and LCC models. In the 

table, manufacturer’s power (mfratpwr) and system capacity (capacity) are too highly 

correlated at 87.35% (a red flag for the potential of multi-collinearity), whereas 

manufacturer’s rated power and system duration (sysdurhr) are good predictors for the 

TCC model. The other potential problems are noticeable between the system’s discharge 

rate (dschghi) and efficiency rate (effhi), between the efficiency and the battery lifetime 

(lftmhi), between the battery’s lifetime and its cycle life (lfcychi), and between the 

efficiency and cycle life. This is not surprising as each of these is an intrinsic parameter 

that characterizes what happens to a battery or storage system over time. During the 

variable selection phase of model evaluation, one can anticipate that not all of the 

independent variables with high correlation scores will be included in the final model. 

The pairwise correlations were helpful in explaining lineary between dependent and 

independent variable or forecasting potential issues with multi-collinearity. 
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Table 4-2. Pairwise Correlation Between Predictor Variables for TCC and LCC 

Ind Var 1 Ind Var2 P-value Correlation t-value 
908 DF     

mfratpwr sysdurhr 0.9633 -0.0015 -0.046 
mfratpwr capacity 2.20E-16 0.8735 54.081 
mfratpwr dschghi 0.3312 -0.0322 -0.972 
mfratpwr effhi 0.3865 0.0287 0.866 
mfratpwr lftmhi 0.9058 0.0039 0.118 
mfratpwr lfcychi 0.9326 0.0028 0.084 
sysdurhr capacity 6.52E-08 0.1779 5.449 
sysdurhr dschghi 2.20E-16 0.2739 8.583 
sysdurhr effhi 2.20E-16 -0.2835 -8.908 
sysdurhr lftmhi 6.93E-12 -0.2247 -6.950 
sysdurhr lfcychi 5.87E-14 0.2455 7.631  
capacity dschghi 0.0548 0.0636 1.922 
capacity effhi 0.2146 -0.0417 -1.241 
capacity lftmhi 0.2803 -0.0358 -1.080 
capacity lfcychi 0.2025 0.0422 1.275 

 
dschghi effhi 2.20E-16 -0.7385 -33.011 
dschghi lftmhi 2.20E-16 -0.3251 -10.359 
dschghi lfcychi 2.20E-16 0.2978 9.402 

 
effhi lftmhi 2.20E-16 0.8242 43.866 
effhi lfcychi 2.20E-16 -0.8073 -41.224 

 
lftmhi lfcychi 2.20E-16 -0.9794 -146.44 
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 Identification of Significant Variables – R-Script Code Overview 

Linear regression is more rigorous than correlation analysis and uses algorithms 

in R-Script to help the researcher with additional statistical aides to determine if the 

independent variables are significant in predicting the response variable. The results in R 

also provide the magnitudes (the coefficient estimates) of the predictors selected. The 

magnitude is expressed as coefficient estimates. The Ordinary Least Squares (OLS) 

package in R-Script was deployed to determine which predictors to either keep or 

eliminate. The summary results returned values for coefficient estimates (also referred to 

as Betas), residual standard error, the studentized t-value, the F-statistic p-value, and 

degrees of freedom – the number of variables used in the modeling  

In Figure 4-3’s code, the whole data set of 1261 projects shows all outliers were 

used to develop the model below. Even though the model meets the F-statistic p-value 

threshold at less than 2.2e-16, the model was not reasonable to use due to its low Multiple 

R-Squared value (0.1945). The model is not acceptable because it represents how poorly 

the data fits the regression line at 19.45%. This value is below the criteria for fit in this 

study. 
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Figure 4-3. Code and Results of an Unacceptable TCC Model (Outliers 
w/Transform) in this Study 

 
 
Figure 4-4. Code and Results of an Accepted TCC Model 

The Figure 4-4 code indicates acceptable results (for lithium) and is an example 

of how the TCC for individual ESSs can also be predicted. When investigating TCC or 

LCC for individual ESS technology types, constants would not be used as predictors as 

they are the same per technology and offer no additional intelligence for constructing 

models for single technologies. In this case of predicting Lithium’s TCC, the residual 

standard error and Multiple R-Squared results are reasonable predictors. However, 

additional statistical analysis tools are needed to determine if this particular model is 

viable such as the Variance Inflation Factor (VIF), an indicator of multicollinearity. If the 

VIF for the ESS’s manufacturer’s rated power (mfratpwr) or system duration (sysdurhr) 

or capacity were greater than 10, then the model in Figure 4-2 wold not be a viable 

model, regardless of the good fit and low residual error. This is because of the limited 

numbers of predictors that can result in only the intercept and another predictor. These 

conditions are almost the F-statistic model which only includes the intercept coefficient. 

This model as is represented would be accepted and expressed by the equation 
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ŷ = 7.186 e+00 -1.080e-05 * mfratpwr + 1.625e-01 * sysdurhr + 3.985e-06 * 

capacity +/- 0.3553* (t-statistic). In this equation the t-statistic is 1.9600. 
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 Stepwise MLR for TCC – TCC Data RESULTS 

The stepwise algorithm is designed to sequentially add or remove variables from 

the pool of potential predictors for a model. At the beginning of this study backward 

elimination and forward selection were used as two separated processes. Backward 

elimination starts with all the predictors proposed for the model then removes predictors 

with p-values greater than 0.0500. Forward selection starts with an empty set and adds 

variables one at a time based on p-values greater than 0.0500.  The Ordinary Least Sqares 

(OLS) routine that considers all possibilities was chosen over the forward and backward 

variable selection routines because it was all inclusive. 

 TCC Variable and Model Selection Results Explained 

The total capital costs of storage systems were predicted under four conditions to 

understand models that were constructed with without outliers and with and without 

variable transformations. The four conditions under which the TCC were modeled were: 

TCC: All Outliers, No Log Transform of the response variable (called “tccmf) 

TCC: Minimal Outliers, No Log Transform  

TCC: All Outliers, Log Transform (log tccmf) 

TCC Minimal Outliers, Log Transform 

As a reminder, the “mf” in tccmf indicates that this variable is based on observations 

from the manufacturer’s data. 

4.3.1.1. Original TCC – All Outliers, No Log Transformation 

In Table 4-3, the model includes all the outliers but with no transformation in its 

prediction. The model in Table 4-3 has an excellent Multiple R-Squared value, an F-

statistic p-value less than 0.0500, a Durbin-Watson test (DWT) result of 1.9377, 

indicating that there are no issues with autocorrelation – no error terms following a 
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pattern. A DWT score of 2 is interpreted as an indication of no autocorrelation. The 

model has a Shapiro-Wilk test score of 0.5232, which is greater than the 50% 

requirement for this study – indicating that in this model with outliers, there is no 

problem meeting the normal distribution criterion. There are, however, two concerns with 

this model. The first issue is with the high residual standard error of 711.1, an indication 

of a large difference between the predicted value and the observation. Secondly, the 

magnitude of the Betas at 760, 613, 422, and an intercept of 14,766 point to a very large 

error when evaluating the accuracy of the model. 

Table 4-3. TCC – ALL Outliers, No Log Transformation 

Predictors Estimates 

Intercept 14766.968 

System Duration (hrs) 760.048 

Latitude -3.220 

Discharge Rate (High) -613.315 

Battery Lifetime -yrs (High) 422.314 

  

R’s Statistical Analysis Report Value 

Residual Squared Error 711.1 

Degrees of Freedom 904 

Multiple R-Squared 0.8833 

F-Statistic 1368 

F Stat p-value < 2.2 e-16 

Shapiro-Wilk Test, W 0.52322 

SWT, p value < 2.2e-16 

All VIFs > 10 eliminated? Yes 

Non-constant variance (ncV) P< 2.2e -16 

Durbin Watson Test, dwt 1.9377 
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Predictors Estimates 

DWT p-value 0.274 

File Name: vslwcb - tccmf  

 

4.3.1.2. Orginal Total Capital Costs, Minimal Outliers No Log Transformation 

The model in Table 4-4 predicts TCC using minimal outliers and no log transform of the 

response variable. The number of projects has been reduced from the pool of 910 to 338 

through Cook’s Distance routine. The Multiple R-Squared value at 87.07% presents an 

attractive candidate as a model. However, the large residual error of 413.90 suggests that 

this model is not the best fit. A residual squared error of zero is ideal. The lower the 

residual error value, the better the fit. Also, the Betas, which play the part of multiplier of 

the predictors at 642, -261, and 130 for the system duration, high discharge rate, and 

battery lifetime (respectively), are large. One can expect the prediction for TCC to be 

high when compared to the manufacturer’s data and the Schoenung TCC theoretical 

value. 

Table 4-4. TCC – Minimal Outliers, No Log Transformation 
Predictors Estimates 

Intercept -590.84 

System Duration (hrs) 642.37 

Discharge Rate (High) -261.84 

Battery Lifetime -yrs (High) 130.27 

  

R’s Statistical Analysis Report Value 

Residual Squared Error 413.90 

Degrees of Freedom 334 

Multiple R-Squared 0.8707 

F-Statistic 745.50 

F Stat p-value < 2.2 e-16 

Shapiro-Wilk Test, W 0.7954 

SWT, p value < 2.2e-16 
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Predictors Estimates 

All VIFs > 10 eliminated? Yes 

Non-constant variance (ncV) P< 1.214e -16 

Durbin Watson Test, dwt 0.9792 

DWT p-value 0.000 

File Name: mincdtcc – tccmf  
 

4.3.1.3. TCC All Outliers – Log Transformation of Response Variable 

The model in Table 4-5, with the log transformation of tccmf, performs better 

than the TCC model that contained outliers without a transformation. It produced good 

results in terms of the magnitude of the residual standard error (0.427), the Multiple R-

Squared value and the Durbin-Watson autocorrelation score (1.8406). The correlation 

study indicated high multicollinearity potential between efficiency and discharge rate and 

between efficiency and battery life. Refer to Table 4-2 and the pairwise comparison. The 

correlation score between efficiency and discharge is -0.7385. The score is even higher 

between efficiency and battery life at 0.8242, yet all three of these terms are part of the 

predictors for the TCC with all outliers and log transformation. The violation of the linear 

regression assumption of independence of residuals renders the model in Table 4-5 as not 

viable. 

Table 4-5. TCC – ALL Outliers, Log Transform of Response Variable 

Predictors Estimates 

Intercept 1.096 e+01 

Manufacturer’s Rated Power 5.972 e+01 

System Duration (hrs) 1.651 e-01 

Capacity -9.567 e-08 

Discharge Rate (High) -7.862 e-02 
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Predictors Estimates 

Efficiency Rate (High) -3.294 e+00 

Replacement Time (yrs) -7.754 e-02 

Battery Lifetime -yrs (High) -6.956 e-03 

  

R’s Statistical Analysis Report Value 

Residual Squared Error 0.4257 

Degrees of Freedom 1253 

Multiple R-Squared 0.5834 

F-Statistic 250.7 

F Stat p-value < 2.2 e-16 

Shapiro-Wilk Test, W 0.9176 

SWT, p value < 2.2e-16 

All VIFs > 10 eliminated? Yes 

Non-constant variance (ncV) P< 2.2e -16 

Durbin Watson Test, dwt 1.8406 

DWT p-value 0.000 

File Name: vslog1c – log tccmf  
 

4.3.1.4. TCC Minimal Outliers – Log Transformation of the Response Variable 

In Table 4-6 the TCC model is predicted based on use of minimal outliers and the 

tccmf log transformation. As a result of removing outliers, the number of subjects is only 

338. Initally a boxplot scheme was applied where the box and whiskers figure was 

aligned along the horizontal axis, and all data points located right of the higest quartile 

were eliminated. That resulted in minimal outliers with more than 600 subjects, but not a 

complete reduction of all outliers. The Cook’s Distance formula method was applied 

where outliers were identified then eliminated one-by-one. Of the 910 subjects available 

in the dataset, 344 were selected for the TCC models and 365 for the LCC models.  
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The predictors have good correlation scores between the dependent variable and 

the predictors; and there are no red flags with correlation results between each 

independent variable. Residual Standard Error (0.09769), Multiple R-Squared (0.8225) 

and Shapiro-Wilk test (W = 0.9654), are indicators of a good model. Further, the p-value 

from the non-constant variance test is 0.1285 suggests that this model meets the linear 

regression model assumption of homoscedasticity. Of the four conditions, the TCC model 

in Table 4-6 with minimal outliers and log transformation of the response variable is the 

optimal choice.  The coefficient estimates are as follows: an intercept of 2.732 e+00, 

manufacturer’s rated power (mfratpwr) at -3.849 e-05, system duration (sysdurhr) of 

1.116e-01, capacity of 2.401 e-05, and the battery lifetime (lftmhi) Beta of 2.704 e-02. 

For each of these variables that were selected in this model, the VIFs were below 2.3, 

thus acceptable proof of little to no multicollinearity. 

Table 4-6. TCC – Minimal Outliers, Log Transformation 

Predictors Estimates 

Intercept 2.732 e+00 

Manufacturer’s Rated Power -3.840 e-05 

System Duration (hrs) 1.116 e-01 

Capacity 2.401 e-05 

Discharge Rate (High) -5.139 e-02 

Battery Lifetime -yrs (High) 2.704 e-02 

  

R’s Statistical Analysis Report Value 

Residual Squared Error 0.09769 

Degrees of Freedom 338 

Multiple R-Squared 0.8225 

F-Statistic 313.3 
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Predictors Estimates 

F Stat p-value < 2.2 e-16 

Shapiro-Wilk Test, W 0.9654 

SWT, p value < 2.2e-16 

All VIFs > 10 eliminated? Yes 

Non-constant variance (ncV) P = 0.1285 

Durbin Watson Test, dwt 0.6998 

DWT p-value 0.000 

File Name: vscdtcc1b – log tccmf  
 

 Stepwise Multiple Linear Regression (MLR) for LCC 

The same OLS all possibilities function in R was applied to the life cycle cost 

model construction. Additional statistical surveys that test the assumptions of linear 

regression were included in the coding. The same conditions for developing the TCC 

were used for the LCC. Specifically, the conditions were LCC: All Outliers, No Log 

Transformation; LCC Minimal Outliers, No Log Transformation; LCC Minimal Outliers, 

No Log Transformation; and LCC: Minimal Outliers, Log Transformation. 

4.3.2.1. LCC All Outliers – No Tranformformaion of the Response Variable 

Just as with the TCC models, a good Multiple R-Squared value is not in and of 

itself the sole criterion for choosing or not choosing a model. In fact, the R-Script model 

algorithm will always choose the largest possible R-Squared value, regardless of other 

considerations. Look, for instance at the results in Table 4-7 of the original LCC that has 

not been transformed and includes all the outliers. The LCC model has a very good 

Multiple R-Squared value at 0.8379, Shapiro-Wilk test result close to unity at 0.8369, and 

Durbin Watson result of 1.6582. The large Residual Squared Error of 110.3 and large 
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coefficient estimates make the option in Table 4-7 an unlikely choice for a best-fit model. 

The coeffients are:  intercept at -2.078e+02, system duration (sysdurhr) of 1.499e+02, 

capacity at -9.447 e-04, high discharge rate (dschghi) at -8.044 e+01, and high battery 

lifetime (lftmhi) of 3.755 e+01. All F-Statistic p-values were less than 0.0500, and the 

selected variables had VIFs less than 1.3. So, in this case, the Residual-Squared Error, the 

large F-statistic, and the magnitude of the Betas render the model in Table 4-7 an 

acceptable model to predict LCC. 

Table 4-7. LCC – ALL Outliers, No Log Transformation of the Response Variable 

Predictors Estimates 

Intercept -2.078 e+02 

System Duration (hrs) 1.499 e+02 

Capacity -9.447 e-04 

Discharge Rate (High) -8.044 e+01 

Battery Lifetime -yrs (High) 3.755 e+01 

  

R’s Statistical Analysis Report Value 

Residual Squared Error 110.3 

Degrees of Freedom 868 

Multiple R-Squared 0.8379 

F-Statistic 1112 

F Stat p-value < 2.2 e-16 

Shapiro-Wilk Test, W 0.83693 

SWT, p value < 2.2e-16 

All VIFs > 10 eliminated? Yes 

Non-constant variance (ncV) P< 2.2 e-16 

Durbin Watson Test, dwt 1.6582 
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Predictors Estimates 

DWT p-value 0.000 

File Name: vslwccw3 - lccmf  
 

4.3.2.2. Original Life Cycle Costs, Minimal Outliers – No Log Transformation 

Discarding the outliers in Table 4-7 leaves a dataset of 358 whose results are reported in 

Table 4-8. The reduction of projects without the log transforamation of LCC did reduce 

the Residual Squared Error from 110.3 to 93.07, but not enough to consider the LCC 

model with minimal outliers as a close fit. The coefficients also tend to be large in 

comparison to the TCC counterpart. In general, the error at 93.07 disqualifies this model 

from consideration. 

Table 4-8. LCC – Minimal Outliers, No Transformation of the Response Variable 

Predictors Estimates 

Intercept -2.186 e+02 

Mfratpwr -2.249 e-02 

Sysdurhr 1.389 e+02 

Capacity 1.556 e-02 

Dschghi -6.960 e+01 

Lftmhi 3.723 e+01 

  

R’s Statistical Analysis Report Value 

Residual Squared Error 93.07 

Degrees of Freedom 358 

Multiple R-Squared 0.87 

F-Statistic 479.3 

F Stat p-value < 2.2 e-16 

Shapiro-Wilk Test, W 0.8114 

SWT, p value < 2.2e_16 

All VIFs > 10 eliminated? Yes 
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Predictors Estimates 

Non-constant variance (ncV) P< 2.2e -16 

Durbin Watson Test, dwt 0.87336 

DWT p-value P = 0.000 
 

4.3.2.3. LCC All Outliers – Log Transformation of the Response Variable 

Table 4-9 summarizes the statistical results for LCC when all outliers are used 

and lccmf, the response variable, is subjected to the log transformation. As in the case 

with the TCC scenarios, the overall model that includes all ESS types, has outliers but is 

transformed using the log function performs better than when there is no transformation 

of the dependent variable (LCC). The residual squared error (0.3217), the Multiple R-

Squared (at 0.708) and the Durbin-Watson rating at 1.8396 indicate that the model in 

Table 4-9 is accetpable. The statistical report seems to point to a strong model which fits 

the regression line and meets basic linear regression assumptions with respect to residuals 

– specifically normal distribution, independence of residuals.  The final model for all 

ESSs is defined by the following Betas: intercept (B0 of 5.398 e+00, manufacturer’s rated 

power (mfratpwr) of -1.084 e-05, system duration (sysdurhr) of 2.778 e-01, capacity at 

3.827e-06, high discharge rate (dschghi) of -1.205e-01, replacement time (replyrs) of -

4.997 e-02, and battery lifetime (lftmhi) at 3.849e-02. The highest VIF value was 4.0106 

associated with the replacement time in years, which does not disqualify this model from 

consideration. 

Table 4-9. LCC– ALL Outliers, Log Transformation of the Response Variable 

Predictors Estimates 

Intercept 5.398 e+00 
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Predictors Estimates 

Manufacturer’s Rated Power -1.084 e-05 

System Duration (hrs) 2.778 e-01 

Capacity 3.827 e-06 

Discharge Rate (High) -1.205 e-01 

Replacement Time (yrs) -4.997 e-02 

Battery Lifetime -yrs (High) 3.849 e-02 

  

R’s Statistical Analysis Report Value 

Residual Squared Error 0.3217 

Degrees of Freedom 866 

Multiple R-Squared 0.708 

F-Statistic 349.9 

F Stat p-value < 2.2 e-16 

Shapiro-Wilk Test, W 0.9597 

SWT, p value 9.369 e-15 

All VIFs > 10 eliminated? Yes 

Non-constant variance (ncV) P< 2.2e -16 

Durbin Watson Test, dwt 1.8396 

DWT p-value 0.02 

File Name: vslccxfw3 – log lccmf  
 

4.3.2.4. LCC Minimal Outliers – Log Transformation of the Response Variable  

The LCC model in Table 4-10, with reduced outliers and log transformation of the 

response variable (lccmf) follows the pattern for TCC with better residual results, and 

high Multiple R-Squared values. It compares well with the results in Table 4-9. The 

statistical analysis report also indicates a good fit and satisfaction of linear regression 

requirements. The model in Table 4-10 is very similar to the model in Table 4-9 and is 

only different in the residual squared error and Multiple R-Squared values by tenths of a 

point. The variable replacement in years (replyrs) was included in the latter model.   
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Table 4-10. LCC – Minimal Outliers, Log Transform 

Predictors Estimates 

Intercept 1.915 e+00 

Manufacturer’s Rated Power -5.595 e-05 

System Duration (hrs) 1.179 e-01 

Capacity 3.484 e-05 

Discharge Rate (High) -6.372 e-02 

Battery Lifetime -yrs (High) 3.886 e-02 

  

R’s Statistical Analysis Report Value 

Residual Squared Error 0.1124 

Degrees of Freedom 358 

Multiple R-Squared 0.8055 

F-Statistic 296.5 

F Stat p-value < 2.2 e-16 

Shapiro-Wilk Test, W 0.9765 

SWT, p value 1.233 e-15 

All VIFs > 10 eliminated? Yes 

Non-constant variance (ncV) P = 0.80495 

Durbin Watson Test, dwt 0.8504 

DWT p-value 0.000 

File Name: mincdlcc2b – log lccmf  
 

The non-constant variance p-value, residuals and the Shapiro-Wilk test result 

were the decision points used in selecting the results in Table 4-10 as the best fit for the 

LCC model. 
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 Model Variable Selection Summary 

The TCC and LCC model options list the variables selected by the OLS routine as 

coefficients (except for the intercept). The variables selected for each model in Tables 4-3 

through 4-10 are summarized in Table 4-11. System duration, high discharge rate, and 

battery lifetime were common to all models and were selected for all eight conditions 

with and without outliers. The results indicate that both manufacturer performance 

specifications and intrinsic values that characterize ESS technologies have important 

roles in the prediction of TCC and LCC. The optimal model for TCC and the optimal 

model for LCC had the same variables selected my the MLR routine: manufacturers’ 

rated power, system duration, capacity, discharge rate, and battery lifetime. 

When the response variable was not transformed, two anomalies occurred. For the 

condition of originl TCC, all outliers, and no log transformation of the response variable, 

latitude ended up as a predictor. Also, when all outliers were part of the dataset, in the 

LCC model with the log transformation, replacement years became a potential predictor. 

Latitude and replacement years only happened once in the selection process of the 

models.  

Table 4-11. Model Conditions and Variables Selected 

 Response Variable Conditions MLR Results: Variable(s) 

Selected 

1 Original Total Capital Cost ALL Outliers system duration, latitude, discharge 

rate, battery lifetime 

2 Original Total Capital Cost Minimal 

Outliers 

system duration, discharge rate, battery 

lifetime 

3 Log Transform Total Capital 

Cost 

ALL Outliers manufacturer’s rated power, system 

duration, capacity, discharge rate, 
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 Response Variable Conditions MLR Results: Variable(s) 

Selected 

efficiency, replacement time, battery 

lifetime 

4 Log Transform Total Capital 

Cost 

Minimum 

Outliers 

manufacturer’s rated power, system 

duration, capacity, discharge rate, 

battery lifetime 

5 Original Life Cycle Cost ALL Outliers System duration, capacity, discharge 

rate, battery lifetime 

6 Original Life Cycle Cost Minimal 

Outliers 

manufacturer’s rated power, system 

duration, capacity, discharge rate, 

battery lifetime 

7 Log Transform Life Cycle Cost ALL Outliers manufacturer’s rated power, system 

duration, capacity, discharge rate, 

replacement time, battery lifetime 

8 Log Transform Life Cycle Cost Minimal 

Outliers 

Manufacturer’s rated power, system 

duration, capacity, discharge rate, 

battery lifetime 

 Random Forest Prediction of TCC and LCC 

In this study, Random forest algorithm was used to validate how accurately the 

models predicted the TCC and LCC, given eight different conditions defined in Sections 

4.3.1 and 4.3.2 in this paper. The selection of variables indicated that a transformation of 

the response variable produced the most practical models. Outliers were included in the 

model development scenarios because of the environments associated with the projects in 

the GEDBB. Some of the projects in the database are dedicated to academia for 

experimental purposes and are tested to failure. Other storage systems are community-

based projects intended for long-term use. These tend to be operated within manufacturer 

specifications. The models in this study considered projects (a) with outliers and no 

transformation of the respone variable, (b) with outliers and transformation of the 
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response variale, and (c) with mimimal outliers and no transformation of the response 

variable and (d) with minimal outliers and the transformed response variable. The results 

are expressed below in Table 4-12. 

Table 4-12. Accuracy of TCC and LCC Predictions from Random Forest Algorithm 

Model 
Name Condition RF 

Training 

RF Training 

 Mean Squared 
Residual 

RF Testing 
RF Testing  

Mean Squared 
Residual 

Model 
TC1 

All Outliers 
TCC 70.01 1292012 42.37 2154237 

Model 
TC2 

All Outliers 
Log TCC 88.46 0.00671 87.04 0.00843 

Model 
LC1 

All Outliers 
LCC 80.13 54989.11 60.57 65080.75 

Model 
LC2 

All Outliers 
Log LCC 78.46 0.01653 85.82 0.01032 

Model 
MTC1 

Min Outliers 
TCC 71.05 425220.82 67.48 304155.8 

Model 
MTC2 

Min Outliers 
Log TCC 82.52 0.00958 66.47 0.01679 

Model 
MLC1 

Min Outliers 
LCC 72.33 20587.97 64.39 15911.19 

Model 
MLC2 

Min Outliers 
Log LCC 77.25 0.01398 64.63 0.02456 

 

TCC and LCC models exhibited lower accuracy when all the outliers were 

included in the model. There was an improvement in the accuracy for each model when 

the outliers were removed, even without the log transformation.  
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For the TCC, the best outcome was when there were no outliers and the response 

variable was subjected to the log transform. In general, the TCC model was more 

responsive to the log transformation of the response variable than the LCC.  

The results are similar for the LCC with removal of outliers with or without the 

transformation. There is a fraction of difference where a potential explanation can be that 

at least one outlier was not removed from the LCC model. The best fit for TCC and LCC 

models did not necessarily match the best training and testing results in Table 4-13. For 

instance, Model TC2 that contained all outliers and the log transformation of TCC trained 

and tested better than Model MTC2, which included the minimal outlier data and the log 

transformation (88.86 and 87.04 train/test results respectively, compared to 82.52 and 

66.47 train/test respectively). Further, Model LC2, which represented all outliers and the 

log transformation of LCC produced training results of 78.46% and testing results 

85.82%. Anomalies and non-intuitive model behavior appear to occur when outliers are 

part of the prediction.  was when outliers were removed and the response variable (lccmf 

and tccmf) were subjected to a log transformation. 

 Accuracy and the Quality of the TCC and LCC Models 

The final gate in this study of process and model development was an assessment 

of the accuracy of the models selected to represent the best fit to predict TCC and LCC. 

There are four figures of merit used in this study to assess the quality of the model: 

MAD, MSE, RMSE, and MAPE. MAD is the acronym for the mean absolute deviation. 

It is the average sum of the absolute value of the difference between the acutal and 

predicted values. Essentially MAD is the distance between each point and the mean. It 

provides insight into the variability of the dataset. The MSE or mean squared error 
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measures the accuracy of the estimator – it indicates the average distance between the 

predicted and actual value. An MSE value of zero identifies model with a perfect fit to 

the data. The root-mean-squared error is the square root of the MSE. The RMSE is the 

measure of accuracy of the forecasting errors of different models for a particular dataset 

but not between different datasets and is sensitive to outliers. Lastly, the mean absolute 

percentage error or MAPE expresses the accuracy of models as a percentage. MAPE is a 

tool that measures the accuracy of predictions in Random forest, commonly used in 

machine learning for regression problems. It tends to place a heavier penalty on negative 

errors. The lower the MAPE, the more confidence in the prediction. The summary of the 

quality assessment for TCC ane LCC are in Table 4-13. 

Table 4-13. Quality of Final TCC and LCC Models 

Metric LCC  TCC  Schoenung’s Theoretical TCC (used 

as actual) vs Study’s TCC  

Mean Absolute 

Deviation (MAD) 

0.08146 0.35905  0.5495 

Means Squared Error 

(MSE) 

0.01243 0.13835  0.35136 

Root-Mean-Squared 

Error (RMSE) 

0.11151 0.37195  0.59276 

Mean Absolute 

Percentage Error 

(MAPE) 

3.536% 11.226%  16.187% 

 

The LCC model has lower figures of merit for each accuracy measure compared 

to the TCC model or the theoretical values associated with Schoenung’s industry 

standard. If Schoenung’ (theoretical) TCCs were considered as the actual values and the 
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model the predicted values, then even the predictive model based on real-world ESSs 

outperforms the industry standard with a MAPE of 22.226 % compared to 16.187%. 

 Summary 

There were several passes or gates to arrive at the final model. The distribution of 

the response variable, TCC, demonstrated that a transformation was needed. The log 

function was selected for both TCC and LCC in constructing and selecting optimal 

models. An additional Box-Cox transformation with Lambda of 2.8 was used to improve 

the model performance. The Box-Cox transformation did not add to the model’ 

performance and was not used for the final model. See Appendix E for the code and the 

graphs for the B-C transformation. 

Correlation was used to understand the relationship between and among 

predictors and response variables. In the models, the variable “lfcychi” or cycle life was 

dropped because of the high correlation to many of the other independent variables.  

For variable selection, the p-value was critical in the addition or removal of 

variables from the model as a predictor. The standard of p-value less than 0.0500 was an 

integral part of the criteria when testing various conditions and is included as a reporting 

factor in R-Script. And, while the p-value served as a critical metric, it would not be 

correct to state that variables were dropped in the case of cycle life becaue they did not 

have a relationship with the response variable. In the case of “effhi” or high efficiency 

rating of the battery, this variable was dropped by the software in some instances where 

there was another variable like “dschghi” that better explained the model. It is the job of 

the multiple linear regression function to aid in the decision of whether the variable is 

significant predictor.  
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The R-script software also summarizes the residual standard error, the Multiple R-

squared value, and provides the coefficient estimates for each model in the linear 

regression function. Other statistical tests such as the Shapiro-Wilk test for normality, the 

VIF test of variance inflation, the Durbin-Watson autocorrelation score and the non-

constant variance helped in decisions about a likely predictor or linear regression model 

suitability.  Both the TCC and LCC models became more accurate when outliers were 

removed, and the log function was applied to the response variables (tccmf and lccmf). 

The Random forest algorithm provided a means to determine how well future data could 

be used to predict a model the accuracy of the models. Finally, accuracy metrics were 

calculated to gauge the quality of each model. The optimal LCC model for this study was 

more accurate compared to the TCC model. This is evident in the Random forest testing 

results and the MAPE scores.  

The combination of correlation, p-value standard of 0.0500, and stepwise 

regression to assess the best model arewere important. Supplementing these elements 

with other tools like the Shapiro-Wilk test, the Durbin-Watson test, the non-constant 

variance test, and other linear assumptions added to the ability to select the best model 

under the conditions or environment that characterize the model. Table 4-14 provides 

considerations for making a final model selection using the satistics available in R -

Script. Visualization was used to understand relationships between variables but not to 

make decisions that countered the statistical results. An example of the quad charts for 

the final TCC and LCC models without outliers and log transforms is in the Appendix D.  



90 
 

 Model Selection Tool and Outcomes 

Table 4-14. TCC and LCC Model Selection Considerations 
Model Values Desired Conditions 

Residual Standard Error Low 

Multiple R-Squared High 

F Statistic p-value <0.0500 

Shapiro-Wilk Test (Normal Distribution) 
SWT Close to Unity 

SWT p-value >0.0500 

Variance Inflation Factor (VIF) < 10 

Non-constant Variarance (NCV)  
NCV p-value > 0.0500 

Durbin-Watson Test (DWT) autocorrelation Between 1.5-2.0 

Residual vs Fitted Graph Horizontal line at Zero 

Normal QQ-Plot Graph Close fit to diagonal - few outliers at 
tail 

Scale-Location Graph Horizontal line at Zero,  
no pattern to data points 

 

The least effective models for TCC and LCC including the conditons where all outliers 

were considered, and the response variable was not transformed using the log function 

and are expressed as follows 

TCC: ALL Outliers, No Log Transformation 

ŷ = 14766.00 + 760.04 * sysdurhr – 3.220 * latitude - 613.31* dschghi  

+ 422.31 * lftmhi +/- 711.1 * (1.9600) 

 

LCC: All Outliers, No Log Transformation 

ŷ = -207.80 + 149.90 * sysdurhr – 0.0009477 * capacity - 80.44 * dschghi  

+ 37.55 * latitude +/- 110.3 * (1.9600) 
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The optimal models with no outliers and the transformed response variables for TCC and 

LCC are expressed as follows: 

TCC Best Case Scenario Model: Model “vscdtcc1b” 

ŷ= 2.372 – 0.0000384 * mfratpwr + 0.1116 * sysdurhr + 0.00002401 * capacity  

- 0.05139 * dschghi + 0.02704 * lftmhi +/- 0.09769 * (1.9600) 

LCC Best Case Scenario Model: Model “mindlcc2b”  

ŷ = 1.915 – 0.00005595 * mfratpwr + 0.1179 * sysdurhr + 0.00003484 * capacity 

– 0.06372 * dschghi + 0.03866 * lftmhi +/- 0.1124 * (1.9600) 

The key lessons learned that informs how to select a model are: (1) eliminate or reduce 

outliers and (2) after fitting a model, the last gate is to assess if it aligns with theory or 

practical knowledge so that one can adjust accordingly. 
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Chapter 5 —Discussion and Conclusions 

 Discussion 

This study addressed the lack of models problem experienced by electric utility 

investors who will soon be required by state mandates called Renewable Energy 

Portfolios (RPSs) to include renewable energy resources in the generation mix. The most 

popular renewable resources are wind and solar energy. Both wind and solar are 

characterized by intermittency or variability of input that can result in an unstable and 

thus unreliable grid. Energy storage systems provide the capacity firming for wind and 

solar at generation. For the last two decades, electricity consumers have advanced the 

request for cleaner energy resources. At least 29 states in the U.S. have legal mandates in 

the form of RPSs that: 

(a) Require electricity producers to provide solar or wind energy in the 

generation mix 

(b) Place the burden of financing the renewable generation resource on 

investor-owned utilities 

(c) Require a functioning grid that delivers to the end user a reliable, 

sustainable product or service 

Many of the target dates for meeting renewable energy mandates are only years 

away. The IOUs face fines for failure to meet RPS obligations. 

Grid operators have discovered that ESSs also provide grid services at 

transmission and distribution. And, because electricity transmission involves interstate 

exchange for all states except Texas, Hawaii, and Alaska, the Federal Energy Regulatory 

Commission has jurisdiction of the non-generation parts of the electric delivery system. 
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The FERC is interested in fair competion between electricity providers and issues formal 

orders that investor-owned utilities must meet in order to operate. Additionally, FERC 

issues financial penalties for non-compliance.  

The research and development community and the electrical energy storage 

industry have worked to provide non-geographic specific ESSs that can satisfy the 

requirement of a reliable grid utility with limited oscillations from the potential 

intermittency or variability associated with renewable generation resources. This study 

proposed a total capital cost (TCC) and life cycle cost (LCC) model to address the 

missing resource to aid stakeholders in making long-term investments in ESSs needed to 

support renewable inputs. 

The literature reveals that models for ESSs exist but fail in several areas to 

provide the total capital investment or life cycle cost data for any given ESS. Refer to the 

summary chart from Balducci [2018] in Table 2-2. This study goes beyond the use of 

interviews and historic data. It relies on real-world data of over 1200 projects to provide 

cost models for TCC and LCC. The benefit of providing the LCC (annualized) in this 

study is that it overcomes the limitations of being able to plan for only one type of ESS. 

The LCC model provides investors a return on investment aid based on technical 

performance parameters rather than having to rely on incomplete cost data. For the 

executive who must make decisions about installing a system long-term, it is important to 

be able to compare the investment in a mature technology that can perform a few grid 

services over long periods of time to an emerging technology that follows the proper 

market systems.  
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 Significance of this study 

The primary purpose of electrical energy storage two decades ago was for 

renewable energy firming or capacity. However, operators and owners discovered other 

uses for storage that afford the grid more flexibility in the opportunities it offers as a 

market entity.  

The U.S. has an aging electricity grid that was never intended to perform as a 

national resource to every citizen. The update and the upkeep of the grid even without the 

renewable mandates is already a challenge. Demographics, the number of end users, the 

demands on the system, and emerging technologies are part of the mix for grid 

stakholders. Adding intermittent generation can exacerbate the concerns to provide a 

safe, reliable, sustainable grid. Investors have a short time horizon and are faced with 

making decisions about their financial assets where even many experts do not agree on 

ESS cost-effectiveness—mostly due to a lack of data from real systems, the flexibility 

and scalability of the ESSs, and the technology maturity of the storage system. There is 

no energy storage ‘Blue Book,’ where a buyer or investor can look up a system based on 

the owner’s needs. Take, for example, the fact there are ESSs based on the chemistry of 

ZnBr or VRFB, the technology is not as mature as Lead-Acid, thus comes with a hefty 

upfront price, but each are used in critical locations along the grid, sometimes jointly, 

sometimes separately. How else can a user or stakeholder understand cost but for the type 

exercise in this and similar studies? This study aids in projecting long-term costs and 

better informs investors regardless of whether they are technologically savvy.   
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 Lack of comprehensive models 

This research area was pursued because (a) no one model is available to assist 

with decision making for installation and long-term investments in  ESSs and (b) the 

ability to project long-term costs and avoid business interruption while waiting on R&D 

answers is important for the ESS industry and may help expedite modernization of the 

electricity grid. Consequently, this study is an important step is addressing the following: 

IF an energy storage system X has Y features, THEN:  

1. What is the capital cost, Z1 ($) (or unit cost $/kW or $/kWh)? 

2. What is the TOTAL Life Cycle Cost, Z2 in ($ or $/kW-y)? 

Note that Y features may include: technology, ESS size, inverter size, technology, 

efficiency, or installation-specific technical performance charateristics.  

For this problem the report indicates that the author has justified  

1. Why one needs to know Z1 and Z2– Investors need to know Z1 and Z2, 

while utility operators, product vendors, and ESS manufacturers need to 

know the technology or technology mix, T. 

2. It is not a trivial exercise to find TCC coupled with LCC in the ESS 

industry.  

This report with its several model options has used linear regression and machine 

learning to address the two critical synthesis questions. TCC and LCC models were 

developed with and without outliers and with and without variable transformations. 

Model accuracy was evaluated vis-à-vis the actual and predicted values for TCC and 

LCC. 
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 Nature of the study’s data 

Bakeri [2015] provided a table of those who have studied ESS cost data. Many 

had to depend on either historical data or the results of subject matter expert (SME) 

surveys. The result is a set of models where calculations are based almost exclusively on 

information from manufacturers, vendors, and grid operators. The data in this study are 

from real projects. There are issues with data of this sort as well. This type of data can be 

poorly or improperly reported. Or there could be outliers due to the goals of the storage 

projects—especially projects that involve energy storage research and development.  

In this study, it was important to predict the cost of TCC and LCC, while 

considering outliers. Outliers are needed because of extreme use-case requirements for 

research testing conditions, grid use, large gaps in some technical parameters, and the 

varied sample space (many Lithium-ion but very few VRFB projects). Again, the concern 

for reporting from global participants could also explain the presence of outliers.  

Statistically speaking, outliers can influence the accuracy of the model. For that 

reason, there was a tremendous effort to also develop a model where the outliers were 

minimized. Technical parameters from manufacturers constituted a predictor subset. The 

constants included replacement years, battery efficiency, specific power, etc. 

 Conclusions 

On the one end, projects in the GESDB represent experimental set-ups and new or 

emerging chemistries. On the other endy are mature, long-term systems with little 

variance for cities, states, and grid operators. The data manipulation clearly indicated that 

there is not a perfect dataset for real world systems that vary in technical function and 

system operation. Note that the statistical methods did reveal that the TCC model 
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developed in this study is similar to the values proposed by Schoenung [2003, 2011] in 

Appendix E that serve as a reference for the electrical energy storage industry standard. 

The LCC is missing the disposal cost in this calculation, which is not included in the 

observed data and resulted in a lower bound estimate close to the baseline. Refer to Table 

E-2. Despite this, the resulting lower bound estimate is twice as much as the calculated LCC. 

 Contributions to Body of Knowledge  

For this thesis statement, the researcher successfully described statistical methods 

to describe an industry need. Other contributions include: 

• Linking TCC and LCC with the distinct ESSs 

• Completing an ESS LCC framework and verifying it 

 Recommendations for Future Research 

 The Grid Services Model  

5.4.1.1. Projections or Suggestions for Future Study 

The renewable energy generation mix has already required changes in the 

electricity grid. While some statutes may change to cease mandating certain renewables, 

variable assets to the grid like wind and solar are here to stay. Therefore, future models 

for grid-level storage systems developed to help with decision-making may have to 

explore how to bridge the gap between the existing technical and financial models, 

develop a consensus around how to establish the value of energy storage and its many 

applications, and include disposal or recycling costs along with maintenance and 

replacement costs in the lifecycle calculations.  
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The primary models in this study used linear regression and machine learning 

algorithms for continuous variables. The purpose of the multiple linear regression 

routines was to establish if there were a statistical relationship between two or more 

variables where a change in the predictor is associated with a change in the response 

variable. Not all variables in a dataset are related to one another. Logistic regression is 

not really regression but a classification algorithm that can serve the purpose to 

characterize variables not used for the TCC or the LCC. 

5.4.1.2. Purpose 

Linear regression answers the question “how much” and is used to make 

predictions about continuous variables. Logistic regression answers the question “will it 

happen or not.” Logistic regression is used when the response variable only has two 

outcomes such as “YES or NO” or “1 or 0”. So, logistic regression is essentially a binary 

classifier. 

5.4.1.3. Rationale 

 The GESDB has data related to services across the grid tied to specific ESS 

technologies. There is potentially an underlying aggregate relationship between the 

services provided to the grid and the ESS type. Using the methodologies of multiple 

linear regression in this current study, coupled with logistic regression, one can provide a 

model to help these stakeholders understand how to maximize their grid use cases when 

analyzing their grid investments. 
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5.4.1.4. Limitations 

The outcomes are limited to the data in this dataset. More information from other 

resources would give this type of services prediction more integrity. The most likely 

approach for a logistic regression would be to: 

(a) Import the data 

(b) Generate inputs 

(c) Import the relevant libraries 

(d) Split the dataset into train and test (like Random Forest) 

(e) Apply regression 

(f) Generate the model 

(g) Draw the Sigmoid graph that shows the predicted probabilities 

(h) Validate the model for accuracy 

See Appendix F for preliminary work done with logistic regression helping to 

deternine how to aggregate services based on ESS type. 

 Disposal Costs and the full life cycle analysis of ESSs 

Consider filling in the blank for the disposal costs of ESSs. This current study has 

linked the TCC with the LCC of more than 900 ESSs. However, in the life cycle cost area 

for ESS, an important element of the LCC is missing. There are no published tables of 

end of life cost data with respect to ESSs. It is not as simple as calling and getting a quote 

from recycling firms today because the technology to properly dispose of these items 
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does not yet exist. For that reason, one cannot simply use the time value of money (TVM) 

to calculate the future value of today's disposal costs.  

Additionally, disposal costs may not be static over time (more likely to be a 

discrete function, or something non-linear). Using data from many individual industry 

participants with a complete set of values to calculate the annualized life cycle costs 

(ALCCs) based on various real projects, random forest would enable predicting the best 

value for disposal costs from the ‘strong learner’ as is available in algorithms like 

Random forest and other machine learning and forecasting options.  

An extension could even improve understanding of ESS valuation streams that 

informs the grid of services according to technology types whose design life, cycle life, 

or warrantied life has reached critical margins. 
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APPENDIX A.  

A.1. Acronyms and Abbreviations GESB database 

 
variable full name unit 

  
 

projname GESDBnProject Name N/A 
rstech Research Storage Technology Name N/A 
rstechno Research Storage Technology Category Number # 
mfratpwr Manufacturer's Rated Power kW 
sysdurhr System Duration hour 
capacity System Capacity kWh 

lattitude Latitude 
geo 

position 

longitude Longitude 
geo 

position 
theocrate Theoretical C Value hour 
cpcsavg Cost of Power Conditioning System (average) $/kW 
cbopavg Cost of Balance of Plant (average) $/kW 
cstoravg Cost of Storage Unit (average) $/kWh 
avgdurh Average Duration hour 
tccmf Total Capital Cost Based on Manufacturer's Specifications (Pwr) $/kW 

tccavdurh 
Total Capital Cost Based on Average Duration for Technology 
(Pwr) $/kW 

dschghi Discharge Cycles (High) Cycles 
fomlo Fixed Operation & Maintenance Cost (low) $/kW-yr 
fomavg Fixed Operation & Maintenance Cost (avg) $/kW-yr 
fomhi Fixed Operation & Maintenance Cost (high) $/kW-yr 
vomlo Variable Operation & Maintenance Cost (low) $/MWh 
vomavg Variable Operation & Maintenance Cost (avg) $/MWh 
vomhi Variable Operation & Maintenance Cost (high) $/MWh 
efflo Overall Efficiency (low) % 
effhi Overall Efficiency (high) % 
zkcalctcclo Zakeri's calculation of total capital cost (low) per unit of pwr $/kW 
zkcalctccavg Zakeri's calculation of total capital cost (avg) per unit of pwr $/kW 
zkcaltcchi Zakeri's calculation of total capital cost (high) per unit of pwr $/kW 
replcavg Replacement Cost (avg) $/kW 
replyrs Years to First Replacement Years 
lftmlo Lifetime of Technology (low) Years 
lftmhi Lifetime of Technology (high) Years 
lfcyclo Life Cycles of Technology (low) Cycles 
lfcyhi Life Cycles of Technology (high) Cycles 
rawmatlo Raw Material Cost (low range) $/kWh 
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variable full name unit 
rawmatmd Raw Material Cost (mid range) $/kWh 
rawmathi Raw Material Cost (high range) $/kWh 
spwrlo Specific Power (high) W/kg 
spwrhi Specific Power (low) W/kg 
engdenlo Energy Density (low) Wh/kg 
engdenhi Energy Density (high) Wh/kg 
schdgpcs Schoenung's Power Conditioning System (cost) $/kW 
schdgbop Schoenung's Balance of Plant (cost) $/kW 
schdgpstor Schoenung's Storage Unit (cost) $/kWh 
schtccavdh Schoenung's Total Capital Cost for Avg Duration hour 
schtcc Schoenung's Total Capital Cost (calculated) $/kW 
scheff Schoenung's System Efficiency % 
schreplcst Schoenung's System Replacement Cost $/kW 
schrepfrq Schoenung's Eq/Device Replacement Frequency Years 
schgfom Schoenung's Fixed Operating & Maintenance $/kW-yr 
schnpv Schoenung's Net Present Value $ 
pnminstcost PNM Installation Cost $ 
srvcase1 Service Case 1 rank 
srvcase2 Service Case 2 rank 
srvcase3 Service Case 3 rank 
srvcase4 Service Case 4 rank 
srvcase5 Service Case 5 rank 
state State or Province  

country Country (project location)  

isorto Independent System Owner/ Regional Transmission Org.  

ownmodel Ownership Model  

equityowner1 Equity Owner  

  
 

grid service grid service full name (application)  
   

blkstrt Black Start  

rsvnspin Electric Reserve: Non-Spinning  

rsvspin Electric Reserve: Spinning  

loadflwb Load Flow Balance  

ramping Ramping  

vosuprt Voltage Support  

eshift Electric Energy Time Shift  

scapty Electric Supply Capacity  

congest Transmission Congestion  

tsupprt Transmission Support  

rcapfirm Renewable Capacity Firming  

dupsolar Distribution Upgrade: Solar  
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variable full name unit 
dupwind Distribution Upgrade: Wind  

tupsolar Transmission Upgrade: Solar  

tupwind Transmission Upgrade: Wind  

ebillmng Electric Billing Management  

comreli Grid Commercial Reliability  

resreli Grid Residential Resilience  

freqreg Frequency Regulation  

ttupdef Transportation Transmission - Distribution Deferral  

stdupdef Stationary Transmission -Distribution Deferral  

onregnshf Onsite Renewable Generation Shift  

ebilrenw Electric Billing for Renewables  

rtmshf Renewable Energy Time Shift  

onstpwr Onsite Power  

transprt Transportation  

microgrid Microgrid  

resilcy Resiliency  

demrsp Demand Response  
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APPENDIX B.  

B.1. Energy Storage Cost Models 
The convention about costs of electrical energy storage systems vary. Below are 

the three different interpretations for how to determine the cost of an ESS. This study 

used Schoenung’s model with the three main components of an ESS being the Storage 

Module, Power Conversion System (PCS) and Balance of Plant (BoP). as described. The 

‘soft’ costs are tied to engineering management unlike Figure B-1. 

 
Figure B-1.  Three-Component ESS Cost Model, used for this study 

Storage Module: Battery module, battery management system (BMS), racks, frame & 

cabinet, rack management system, breakers (for protection) 

PCS: Bi-directional inverter system, connection to transformer, electrical protection, 

containment vessel, construction 

BoP: Electrical distribution and control, thermal management HVAC, fire suppression, 

data logging and energy management, container, project engineering soft costs 

(permitting, siting, land and access, non-PCS construction, buildings, foundation, 

commissioning, shipment, installation costs) 

 

 

 

 

 

 

 

Storage Unit 

or Module 
PCS BoP 
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Figure B-2.  High Level, 2-Part ESS Component Cost Model 

Storage Unit: Storage Module + Racks + BMS 

PCS: Inverters 

Soft Costs: Product integration, field engineering, skids, transportation, grid integration 

 
Figure B-3.  Battery and ESS, 3-Part ESS Cost Model 

Storage Unit: Storage module 

PCS: Power electronics, container, safety management, thermal management 

Soft Costs: Interconnection, Permits, Operations and Maintenance 
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APPENDIX C. MINIMAL OUTLIERS FOR TCC AND LCC 

Using Cook’s Distance Visualization of Linear Regression 
Assumptions for TCC and LCC With No Outliers and Log Transforms 

 

 

 

 
Figure C-1.  Summary Graphs: Reduction of TCC Outliers using Cook’s Distance 

Number of projects = 344 
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Using Cook’s Distance Visualization of Linear Regression 
Assumptions for TCC and LCC With No Outliers and Log Transforms 

 

 

 

 

Figure C-2.  Summary Graphs: Reduction of LCC Outliers using Cook’s Distance  
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APPENDIX D. BOX COX TRANSFORM TO IMPROVE FIT 

With Lambda at approximately 2.8, the TCC Box-Cox transform is a cube, with the 

following results: 

 
Figure D-1.  Log likelihood graph to determine Lambda 

Explanation of Box-Cox Transformation of Response Variable 

Table D-1.  Box-Cox re-expressions for transforms 
Power Re-Expression Name 

   

3 Y3 Cube 

2 Y2 Square 

1 Y Raw or unit 

1/2 Y ½ 

 

Square root 

0 Ln(y) Logarithm 

-1/2 y--1/2 

 

Reciprocal root 

-1 1/y or Y-1 Reciprocal 

-2 1/y2 or Y-2 Reciprocal square 

-3 1/y3 or Y-3 Cube root 
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APPENDIX E. LCC AMD TCC COST SUMMARIES 

 

Figure E-1.  ESS Summary Cost (Avgs) Graph 

Legend: 

tccmanuf – manufacturer’s TCC based on design specs, observations 

tcccostmodeldkwhi – TCC model ($/kW) upper bound estimate 

tccmodeldkwhlo – TCC model ($/kW) lower bound estimate 

schtccdkw – Schoenung’s TCC model ($/kW) based on historical data 

lccmanuf – manufacturer’s LCCannualized, based on design specs, observations 

lcccostmodeldkwhrhi – LCCannualized model ($/kW-y), upper bound estimate 

lcccostmodeldkwhrlo – LCCannualized model ($/kW-y), lower bound estimate 

Note of units: TCC ($/kW); LCCannualized ($/kW-y) 

 

Figure E-2.  ESS Summary Cost (Avgs) 

 

$0.00

$1,000.00

$2,000.00

$3,000.00

$4,000.00

$5,000.00

Lead Lithium Sodium VRFB Zinc

ESS Summary Cost (Avgs)

tccmanuf tcccostmodeldkwhi tcccostmodeldkwlo schtccdkw

lcccostmodeldkwhrhi lccdcostmodeldkwhrlo lccmanuf

ESS type TCC 

Manufacturer 

TCC Model 

Upper Bound 

TCC Model 

Lower Bound 

TCC  

Schoenung 

LCC Model 

Upper 

Bound 

LCC Model 

Lower 

Bound 

LCC 

Manufacturer 

Lead $2,005.82 $2,654.33 $1,164.76 $1,025.00 $561.18 $246.25 $368.61 

Lithium $1,967.69 $2,927.78 $1,284.75 $2,527.94 $645.19 $283.12 $449.70 

Sodium $1,605.02 $2,794.98 $1,226.47 $2,721.43 $600.62 $263.56 $362.74 

VRFB $2,936.29 $4,650.71 $2,040.79 $3,633.57 $866.37 $380.17 $548.24 

Zinc $1,058.28 $1,982.78 $870.07 $2,841.67 $358.40 $157.27 $185.80 
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APPENDIX F. LOGISTIC REGRESSION FOR ESS SERVICES 
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