
 
 

 
 

 

 

 

 

 

COMPARATIVE ASSESSMENT OF MODELS AND METHODS TO 

CALCULATE GRID ELECTRICITY EMISSIONS 

 

by 

 

Nicole A. Ryan 

 

 

 

 

 

 

 

 
A thesis submitted 

in partial fulfillment of the requirements 

of the degree of  

Master of Science 

(Natural Resources and Environment) 

in the University of Michigan 

August 2016 

 

 

 

 

 

 

 

 

 

Thesis Committee: 

Professor Gregory A. Keoleian, Co-Chair 

Assistant Professor Jeremiah X. Johnson Co-Chair 



 

 
  

 
 
 
 
 
 
 
 
 
 

This page intentionally left blank 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 



 
 

 
   

i 

Abstract 

Due to the complexity of power systems, tracking emissions attributable to a specific 

electrical load is a daunting challenge, but essential for many environmental impact 

studies. Currently, no consensus exists on appropriate methods for quantifying emissions 

from particular electricity loads.  This thesis reviews a wide range of the existing 

methods, detailing their functionality, tractability, and appropriate use.  We identified and 

reviewed 32 methods and models and classified them into two distinct categories: 

empirical data & relationship models and power system optimization models.  To 

illustrate the impact of method selection, we calculate the CO2 combustion emissions 

factors associated with electric vehicle charging using ten methods at nine charging 

station locations around the U.S.  Across the methods, we found up to 68% difference 

from the mean CO2 emissions factor for a given charging site among both marginal and 

average emissions factors and up to a 63% difference from the average across average 

emissions factors.  Our results underscore the importance of method selection and the 

need for a consensus on approaches appropriate for particular loads and research 

questions being addressed to achieve results that are more consistent across studies and 

allow for soundly supported policy decisions. The thesis addresses this issue by offering a 

set of recommendations for determining an appropriate model type based the load 

characteristics and study objectives.  
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Glossary 
Abbreviations 

BA – Balancing Authority 

CAFE – Corporate Average Fuel Economy 

CAP – battery Capacity 

CF – capacity factor 

DOD – depth of discharge 

ED – Economic dispatch 

EERE – energy efficiency or renewable energy 

EF – emissions factor 

ERCOT - Electric Reliability Council of Texas 

FERC – Federal Energy Regulatory Commission 

Gen – generation 

GHG – Greenhouse gas 

ISO – Independent System Operator 

MISO – Midcontinent  

NERC – North American Electric Reliability Corporation 

PCA – Power Control Area 

SCED – security constrained economic dispatch 

SOC – state of charge 

T&D – transmission and distribution 

UC – unit commitment 

UCED – unit commitment economic dispatch 

WMW – Upper Midwest 

 

Subscripts 

B – base case 

G – generator level 

h - hour 

i – location 

N – new 
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Forward 

The work in this thesis was published in Environmental Science and Technology: Ryan, 

N.A., Johnson, J.X., and G.A. Keoleian, “Comparative Assessment of Models and 

Methods to Calculate Grid Electricity Emissions” Environmental Science & Technology. 

Advanced online publication. DOI: 10.1021/acs.est.5b05216 

 

This thesis was completed in conjunction with an Excel based tool, Selecting the 

appropriate Electricity Emissions Model (SEEM), developed to aid practitioners (e.g., 

researchers, policy analysts, Life-Cycle Assessment (LCA) analysts and consultants) in 

selecting the appropriate electricity modeling tool to estimate their electricity 

consumption emissions. The basis for the logic used in the tool is the recommendations 

provided at the end of this thesis. The tool is available for download at the Center for 

Sustainable Systems website. In addition, a paper presenting the decision support 

algorithm the tool uses will be submitted for publication. 
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1 Introduction 

In 2013, the electricity sector produced 31% of greenhouse gas (GHG) emissions in the 

United States1, making it the highest emitting economic sector.  Emissions from 

electricity are a significant share of total emissions in many processes and in the 

production and use of many products. The motivation for this thesis is to understand the 

implications of method selection for evaluating power system emissions in order to 

educate practitioners completing sustainability assessments on the models available to 

them, how they differ in their assumptions and logic, as well as, how they can be 

appropriately applied. To develop this knowledge, the thesis details the methods’ 

capabilities, limitations, and the disparity in the models’ results. The models are first 

reviewed to identify key characteristics and assumptions, based on which they are 

classified into two distinct categories with six subcategories. We then assess an electric 

vehicle (EV) case study using at least one model from each category to illustrate the 

variability in model results.  Building on this information, the thesis provides guidance on 

the characteristics of methods that are required to appropriately calculate emissions from 

a given load.  

 

Appropriately calculating electricity emissions associated with particular loads is 

necessary to determine the avoided emissions associated with improvements in energy 

efficiency, reductions in demand, improvements in product manufacturing, and increases 

in renewable generation, as well as for evaluating emissions associated with loads that 

increase electricity generation. Emissions calculations can determine the effectiveness of 

these actions at mitigating or exasperating climate change and other environmental 

harms.  

 

Quantification of the emissions associated with a specific electric load presents a 

challenge due to power grid complexity. Tracing grid electricity consumption back to one 

generation source, in most cases, is not possible.2,3 A continuously changing mix of 

generation assets provides grid electricity. Additionally, with minimal storage on the grid, 

electricity production largely occurs at the same time as consumption.4,5 While research 

has produced a wide variety of proposed solutions in the form of models, methods, and 
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metrics to measure the emissions from electricity generation, currently no consensus 

exists on an appropriate methodological approach for particular loads.2,3  

 

The study of electric vehicles (EV) is one of the most prominent examples of 

inconsistency among methods used to estimate emissions from electricity consumption. 

The comparison of use phase emissions from plug-in EVs and conventional internal 

combustion engine vehicles (ICEV) is thoroughly studied.6–17 The breadth of studies 

illustrates a wide range of assumptions for charging profiles and methods to calculate 

grid emissions.  These studies have found that the electricity mix significantly affects the 

emissions attributable to EVs’ use phase, which accounts for the largest amount of GHG 

emissions of any phase in the vehicle’s life.13,14,18–22 Anticipated growth in vehicle 

electrification and tougher GHG emissions and Corporate Average Fuel Economy 

(CAFE) standards elevate the importance of proper electricity emissions accounting. 

Various approaches selected to determine the emissions from grid-based electricity often 

yield significantly different results, which is very problematic given the significance of 

potential electricity emissions impacts.  Axsen et al. compared three studies on PHEVs 

that used carbon intensities ranging from 200 to 1100 g CO2/kWh due to differing model 

assumptions.23 Their study illustrates the importance of method selection to determining 

electricity production emissions. 

 

Aluminum production is another sector where electricity usage proves significant to 

overall product emissions.24 Lightweighting a vehicle with aluminum can increase the 

miles per gallon of a conventional vehicle 25 and possibly increase the miles per kWh of 

an EV, in turn reducing the energy consumption in the vehicle’s use phase. However, 

depending on the fuel mix of the electricity used to make the aluminum, lightweighting a 

vehicle could cause divergent effects on life-cycle emissions.24 Increased emissions from 

electricity consumed to produce aluminum relative to steel could outweigh the reduction 

in emissions during the vehicle’s use phase.24 The method used to determine the fuel mix 

of the electricity consumed is integral to the findings and to the ultimate attractiveness of 

vehicle lightweighting.24 Aluminum lightweighting and EV charging are two examples 

where electricity emissions are key to determining the GHG emissions of a technology.
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2 Literature Review and Characterization 

2.1 MODEL/METHOD OVERVIEW 

A variety of public and commercial assessment tools have been used to calculate emissions 

from electricity usage. They range in complexity, from simple emissions factors (EF) to 

multifaceted grid models with market-based dispatch of generation assets. For the purposes 

of this thesis, we have segmented the methods into two main categories, each further 

divided based on model characteristics. Table 1 contains the general descriptions of each 

category’s characteristics.  

 
Table 1. Emissions model categories 

Category Characteristics General Descriptions 

Empirical Data & 

Relationship Models 

Simple Emissions Factors  

- Uses historical data for emissions and generation 

- Based on the ratio of emissions and generation over the selected time 
frame 

- Based on specific region boundaries 

Emissions Factor Models 
with Trading/Imports 

- Incorporates additional data and regional emissions factors to account for 
electricity trading/imports 

Statistical Relationship 

Models 

- Uses historical data to determine correlations between demand, past 

emissions, generator operation, and other system characteristics to 

develop emissions factors 
- EFs can be adjusted to reflect changes in load 

- Based on specific region boundaries 

Power System 

Optimization Models 

Economic Dispatch 

- Generators are dispatched based on operational costs to minimize overall 

system costs or maximize company revenue 

- Predetermined or user defined regions/nodes 
- Requires generator-specific data 

Unit Commitment 

- Uses day-ahead or week-ahead load forecasts, fuel costs, generator 

operation, and transmission grid conditions to commit units optimally and 
safely 

- Requires grid infrastructure data 

- User defined regions, nodes, hubs, or zones 
- Typical temporal output of one day or week ahead 

Capacity Planning 

- Forecasts, or uses other model forecasts, for load & fuel costs over 

multiple decades to determine optimal generator or grid infrastructure 
changes 

- Predetermined or user defined regions/nodes 

- Requires generator and grid infrastructure data  
- Output ranges from hourly to yearly output 

 

Details about each model’s load type, temporal granularity, time period 

(historical/current/future), regional resolution, imports/exports, and availability are 

presented in Table 2 and in further detail in the appendix. The bolded and highlighted 

methods are those used in the case study.

 

 



4 
 

 
   

Table 2. Models and methods to estimate emissions 

Method Characteristics 
Temporal 

Granularity 
Perspective Regional Resolution 

Regional 
Imports/ 
Exports 

Availability 

EMPIRICAL DATA & RELATIONSHIP MODELS 

Average Emissions Factor Output 

WattTime26 
Simple Emissions 
Factors 

5 min to 1 
hour 

Historical/ 
Current 

ISO/RTO Boundaries No 
Website 
Interface 

Colett et al.24 
Emissions Factor 
Models with 
Trading/Imports 

Yearly Historical 
Combination BA & 
NERC 

Yes Literature 

Marriot, J. & Matthews, S.27 
Emissions Factor 
Models with 
Trading/Imports 

Yearly Historical States Yes Literature 

Soimakallio, S. & Saikku, L.28 
Emissions Factor 
Models with 
Trading/Imports 

Yearly Historical Countries Yes Literature 

Marginal Emissions Factor Output 

Holland et al.29 
Statistical 
Relationship 

Hourly Historical 9 NERC regions 

None 
between 
interconnect
ions 

Literature 

AVoided Emissions and 
geneRation Tool (AVERT)30 

Statistical 
Relationship 

Hourly Historical 
U.S. covered in 10 
regions 

No 

Free 
download 
Excel 
interface 

Average & Marginal Emissions Factor Outputs 

eGRID31a 
Simple Emissions 
Factors 

Yearly Historical 
PCA/BA, subregions, 
states, NERC & U.S. 
Average 

No 
PDF Table of 
Values 

Grid Mix Explorer32 
Simple Emissions 
Factors 

N/A User defined User defined N/A 

Free 
download 
Excel 
interface 

Siler-Evans et al.33 
Statistical 
Relationship 

Hourly Historical 2010 NERC regions  No Literature 

Zivin et al.7 
Statistical 
Relationship 

Hourly Historical 
3 interconnections 
(emissions), 2010 
NERC (consumption) 

Varies if 
consump. or 
gen. data is 
used 

Literature 

Holland, S.P & Mansur, E.T. 34 
Statistical 
Relationship 

Hourly Historical 2004 NERC regions Yesb Literature 

Jansen et al.35 
Statistical 
Relationship 

Hourly Historical 
Western 
Interconnection 

between CA 
and western 
grid 

Literature 

POWER SYSTEM OPTIMIZATION MODELS 

Average Emissions Factor Output 

The Oak Ridge Competitive 
Electricity Dispatch (ORCED) 
Model36,37 

Economic 
Dispatch 

Hourly Future 
EIA Electricity Market 
Module Regions 2007 

Yes 
Oak Ridge 
National Lab 

The Integrated MARKAL-
EFOM System (TIMES)38,39 

Economic 
Dispatch, 
Capacity Planning 

User defined Future User defined Yes IEA-ETSAP 

Regional Energy Deployment 
System (ReEDS)40–43 

Economic 
Dispatch, 
Capacity Planning 

Bi-yearlyc, 17 
annual time 
slicesc 

Future 
356 resource regions 
grouped into 4 levels 
of larger regions 

Yes 

Created by 
NREL for 
research 
purposes 

Marginal Emissions Factor Output 

Electricity Dispatch model for 
GHG Emissions in California 
(EDGE-CA)6,23,44 

Economic 
Dispatch 

Hourly Historical 
3 regions in California 
w/ 2 external regions 

Yes Literature 
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Long-term Electricity Dispatch 
model for GHG emissions in 
California (LEDGE-CA)23,44 

Economic 
Dispatch, 
Capacity Planning 

Hourly Future California No Literature 

Kim, J. D. & Rahimi, M.45 
Economic 
Dispatch 

Hourly Future 
Los Angeles 
Department of Water 
& Power 

Yes Literature 

National Electric System 
Simulation Integrated 
Evaluator (NESSIE)10,46,47 

Economic 
Dispatch, 
Capacity Planning 

6 Typical days 
per year in 2 
hour blocks 

Future 
EIA Electricity Market 
Module Regions 2007 

No 
Output data 
for purchase 
EPRI 

Average & Marginal Emissions Factor Outputs 

EnergyPLAN48 
Economic 
Dispatch 

Hourly 
Current/ 
Future 

User defined Yes Freeware 

PJM Hourly Open-source 
Reduced-form Unit-
Commitment Model 
(PHORUM)49 

Security 
Constrained, 
Economic 
Dispatch 

Hourly 
Current/ 
Future 

PJM (divided into 5 
regions) 

Among 5 
regions 

Open-source 

SCOPE50 

Security 
Constrained, 
Economic 
Dispatch 

Hourly 
Current/ 
Future 

User defined Yes 
For purchase 
Nexant 

Choi et al.51 

Security 
Constrained, 
Economic 
Dispatch, 
Capacity Planning 

Hourly Future 
6 NERC regions in 
eastern 
interconnection (U.S.) 

Yes Literature 

AURORAxmp42 

Security 
Constrained, 
Economic 
Dispatch, 
Capacity Planning 

Hourly Future Nodal based Yes 
For purchase 
EPIS 

UPLAN-NPM41,46,52 

Security 
Constrained, 
Economic 
Dispatch 

Hourly 
Current/ 
Future 

Generator specific  Yes 
For purchase 
LCG 
Consulting 

GridView43 

Security 
Constrained, 
Economic 
Dispatch 

Hourly 
Current/ 
Future 

User defined Yes 
For purchase 
ABB Inc. 

PLEXOS53 

Security 
Constrained, 
Economic 
Dispatch, 
Capacity Planning  

Hourly & 
Subhourly 

Future User defined Yes 
For purchase 
Energy 
Exemplar 

Promod IV54 (Can be 
integrated with Strategist)55 

Security 
Constrained, 
Economic 
Dispatch 

Hourly 
Current/ 
Future 

User defined Yes 
For purchase 
ABB Inc. 

GE Multi Area Production 
Simulation (MAPS)56 

Security 
Constrained, 
Economic 
Dispatch 

Hourly 
Current/ 
Future 

User defined Yes 
For purchase 
GE 

GTMax57–59 
Economic 
Dispatch 

Hourly Future User defined Yes 
For purchase 
ADICA 

Integrated Planning  Model 
(IPM)60 

Economic 
Dispatch, 
Capacity Planning 

Hourly Future 
64 regions (covers all 
U.S. states & D.C.) 11 
Canadian regions 

Yes 

Created by 
EPA for 
research 
purposes 

Strategist55 (can be integrated 
with Promod IV) 

Economic 
Dispatch, 
Capacity Planning 

Seasonal or 
Annual 

Future User defined Yes 

For purchase 
ABB Inc. 
(comprised of 
multiple 
modules) 

a) All eGRID emissions factors other than “non-baseload” are average and “non-baseload” can only be used as a rough estimation 

for marginal as described in the text 

b) Temperature variables control for imports and exports 

c) Model output time scale 

d) Model analysis time scale 
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The literature review and case study provided in this thesis focus on carbon dioxide 

emissions. Some of the methods and studies reviewed incorporate other emissions such 

as PM 61, VOC, SO2, NOx
29 Hg, CH4 and CO61. For example, eGRID provides NOx, SO2, 

CO2, CH4, NO2, Hg and CO2-eq and AVERT provides SO2, NOx and CO2
30. However, 

any U.S.-focused model that provides plant-specific data (e.g., generation, heat rate, fuel 

type) can be used to determine other criteria pollutants.  

 

2.2 LOAD TYPE CLASSIFICATIONS 

Emission factors (EFs) can be marginal (i.e., from generation used to supply an additional 

load or generators whose generation is reduced by removing a load) or average (i.e., from 

the entire generation mix). When a modeler uses average EF they are effectively 

assuming that the load has distributed burden on all power plants operating.62 Marginal 

emissions factors are used to describe the emissions associated with the generators whose 

outputs will change as a result of changes to load. Typically, marginal emissions are 

produced by a mixture of generation types, those with the highest variable costs of 

generators operating or the next units to be committed, which changes hourly, making 

them difficult to identify.63 The marginal units are also affected by the units providing 

baseload generation and whether they are flexible enough to provide the generation 

fluctuations and ancillary services needed to respond to demand and renewables’ 

variability and uncertainty. For example, if the base load unit is coal and it cannot 

respond at a sufficient rate to meet rapid changes in demand, a natural gas plant could be 

added to the margin to meet this fluctuating demand.  

 

Figure 1 illustrates two changes in load and their hypothetical effect on demand 

throughout a day. The hypothetical changes are caused by the addition of load from an 

EV fleet and the shutdown of an industrial facility.  This example showcases the 

importance of temporal aspects of load changes with intra-day variation (EV charging) 

and flat output (industrial load), as well as the wide difference in results between average 

and marginal emissions factors. In figure 1c the average EF remains relatively flat while 

the marginal EF changes drastically depending on time of day. From 23:00-8:00 coal is 
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on the margin, from 8:00-12:00 & 21:00-23:00 natural gas combined cycles are on the 

margin, and from 10:00-21:00 natural gas combustion turbines are on the margin. 
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Figure 1. Average and marginal emissions factors for a change in electrical load across a daily load profile. 

a) the load profiles of the industrial facility and the electric vehicle fleet b) system-wide load decrease due 

to the shutdown of an industrial facility with constant demand and system-wide load increase due to the 

addition of an electric vehicle fleet with only home charging plotted over the system’s generator supply 

stack, c) marginal and hourly average emissions factors for the daily load profile.  For this illustrative 

example, we assume the following emissions factors: nuclear = 0 lb/kWh; coal steam = 2.1 lb/kWh; natural 

gas combined cycle (CC) = 0.74 lb/kWh; natural gas combustion turbine (CT) = 1.21 lb/kWh.   
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2.3 EMPIRICAL DATA & RELATIONSHIP MODELS 

This category includes models that use historical data to either directly calculate emissions 

factors or to create models that predict generator operation or emissions based on load 

using probabilities or regressions. The region sizes and type of emissions factor used in 

these models vary. Additionally, select models in this category also incorporate electricity 

trading. 

  

2.3.1 Simple Emissions Factors 

Multiplying a published EF (either average or marginal) by a load or change in load 

represents the simplest and most commonly deployed method of assigning emissions 

burdens from electricity. We define ‘simple emissions factors’ as the ratio of emissions to 

generation over a defined time period using historical data.  The historical emissions and 

generation for a set time period (e.g., year, hour) at plants across a given geographic or 

utility company-based boundary are employed without additional analysis to determine 

these EFs.62 The EPA’s eGRID database provides tables of simple EFs for regions of 

varying size: individual generators, power control areas, states, eGrid subregions, North 

American Electric Reliability Corporation (NERC) regions, and the entire United States.64 

The most recent database when this analysis was completed used 2010 data.31 The EPA’s 

“total output” EF represents an average EF. Their “non-baseload” EFs, composed of 

emissions from combustion units with a capacity factor of less than 0.8, was designed to 

provide improved emissions reductions estimates for energy efficiency and clean energy 

projects (i.e., consequential studies). 65 Although these were intended for use in 

consequential studies, they are simply “non-baseload” EFs and therefore only represent a 

rough estimate for marginal EFs. The data inputs for the eGRID database include: EPA 

Clean Air Markets Annual and Ozone Season Emissions, Inventory of U.S. Greenhouse 

Gas Emissions and Sinks, FERC-714 report, and multiple EIA forms.31 The EPA provides 

a variety of emissions and renewable energy calculators that use eGRID data.31 Multiple 

studies have used the eGRID database to estimate emissions from electricity, alone or in 

conjunction with other sources: for example, Lewis et al.’s study on the life-cycle 

emissions from lightweight plug-in hybrid EVs,66 Amor et al.’s article on distributed 

generation,62 Graff Zivin et al.’s study on the spatial and temporal heterogeneity of 
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marginal emissions,7 and MacPherson et al.’s study on PHEV emissions labeling.67 

Tamayao et al. compared results from the methods Graff Zivin et al. and Siler-Evans et al. 

in different regions of the U.S. alongside emissions results from 2009 NERC regional 

averages and 2009 eGRID subregional averages, when calculating the life-cycle emissions 

of four vehicle types.68 Geo and Winfield used the U.S. average grid’s mix with the 

incorporation of upstream fuel production impacts, transmission losses, and charging 

losses to compare GHG emissions from various drivetrains.69 Tessum et al. and Michalek 

et al. also used U.S. average as one of their electricity assumptions when assessing the life 

cycle air impacts of alternative vehicle fuels.61,70 Tessum et al. compared U.S. average 

emissions factor with natural gas, coal, wind turbines, dynamic water power or solar.70 

Many of these studies along with others discussed in the appendix account for upstream 

emissions. Despite the methods in Table 2 being focused on use phase emissions, any 

models that provide the user with generator specific data or fuel type data can be combined 

with other models like GREET to calculate the upstream emissions.  

 

EFs can also be calculated from a region’s electricity mix and EFs specific to generating 

technologies and fuels, as was done in Buekers et al.’s study on the possible health benefits 

from a 5% fleet replacement of ICEV to EVs in various European Union countries.71 Grid 

Mix Explorer by the National Energy Technology Laboratory provides EFs for new and 

existing generation technologies.32 CARMA provides the generation mix for countries 

around the world,72 used by Doucette and McCulluch in their comparison of PHEV and 

EV’s CO2 emissions.11 Holdway et al. calculated average historical EFs for the U.S., UK, 

and France by simply dividing the total CO2 emissions from electricity production in each 

country by their net electricity generation, as part of a well-to-wheels emissions 

comparison of EVs, ICEVs, and HEVs as fleet vehicles.13 Other studies have used the 

average electricity mix of Belgium,73 Japan, the Netherlands, Iceland, China, India,15 or 

Germany.15,74 

 

The Intergovernmental Panel on Climate Change (IPCC) also recommends using EFs when 

estimating emissions from stationary combustion electricity generators.75 However, they 

utilize a different type of EF, kilograms of emissions gas per terajoule of fuel combusted.75 
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The IPCC Emissions Factor Database reports these types of EFs for various fuels and 

technologies around the world from various sources.76  They split the methods for 

calculating electricity emissions into three tiers, each tier having a different level of 

generator aggregation, with Tier 3 being the least aggregated and Tier 1 the most.75 For 

example, Tier 1 uses non-technology or region specific EFs, Tier 2 uses country specific 

EFs and Tier 3 uses EFs based on specific generator technologies.75 They provide a 

decision tree on how to select the tier most appropriate for a user’s application, much of it 

based on data availability.75 

 

Another EF method, WattTime, uses data published by Independent System Operators 

(ISO) and Regional Transmission Organizations (RTO) to calculate a “real-time” estimate 

of EFs in various areas of the U.S. 26 It was designed as a social tool that provides 

individuals their carbon intensities based on location.26 This is a valuable, simple, user-

friendly tool to estimate emissions that reflects time of use.  This approach, however, 

cannot predict future values and is geographically constrained due to the limited ISO and 

RTO coverage and data, which covers less than two-thirds of the geographic area of the 

United States. The specific type of data ISOs and RTOs provide varies but some examples 

include imports, exports, cost, and capacity reports. EFs are not directly provided. 

 

Some literature-based studies also vary their EFs with time to incorporate a more 

appropriate representation of the emissions caused by EVs. Faria et al. is one example, they 

developed hourly EF profiles for each month in three countries to compare emissions from 

PHEV and BEV charging patterns to ICEVs emissions.12 Another is Nichols et al., they 

also used eGRID and National Emissions Inventory data on individual unit emissions rates 

along with ERCOT generation mix data to develop 15-minute interval emissions rate tables 

for each quarter of the year.77  

 

2.3.2 Emissions Factor Models with Trading/Imports 

Emissions factor models with trading/imports use historical generator operation data, with 

the addition of variables related to electricity imports and exports to create new EFs. In 

regions where a significant portion of electricity is imported from regions with varying 
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generation mixes, these transactions can have a significant impact on the region’s 

electricity EFs.78  

 

Marriott and Matthews developed a model to determine emissions from a particular 

industry, while incorporating interstate trade of electricity using gross state consumption, 

gross generation, and grid losses.27 They used import-export data and a state distance 

matrix in an optimization, based on the assumption that electricity will be consumed in the 

closest demand location.27 Then they incorporate these electricity transfers into each state’s 

energy mix, which was weighted by the percent of an industry’s activity in the state to 

determine the industry’s electricity consumption mixes.27 Colett et al. developed nested 

methods to study how the emissions from aluminum production varied by the location of 

production, considering imports and exports between the balancing authorities (BA) and 

the NERC region in which each BA is located, using the eGRID CO2–eq EFs for the BA 

and NERC region.24 Soimakallio et al. calculated emissions intensities for OECD countries 

using a country consumption-based emissions method, with the inclusion of imports and 

exports.28 For their approach, the electricity exported from a country had the average yearly 

CO2 emissions intensity of that country.28 With this method, they showed that the emissions 

from net imports of electricity can have a significant effect on the overall emissions 

intensities of a given country and also that these intensities change from year to year.28 

Overall, these methods attempt to provide EFs for the electricity consumed in a region that 

reflects the impacts of imports and exports. However, these approaches are still based on 

historical data and simplify grid interactions. Additionally, these models assess the effects 

of trading on average EFs and provide no guidance on incorporating the effects of 

electricity trading into marginal EFs.  

 

2.3.3 Statistical Relationship Models 

Statistical relationship models use historical data to determine correlations between 

demand, generator operations, emissions, and other system characteristics to develop 

regional EFs.  Such models are retrospective in nature (i.e., relying on historical data) and 

not designed to respond to changes in fuel price or in infrastructure (e.g., generator or 

transmission additions), other than the addition of non-dispatchable renewables. The 
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models often operate with generator-level granularity or aggregate by generator type based 

on fuel and prime mover. This characteristic provides more information about the grid 

system then most EF methods. Dispatching plants based on historical relationships between 

generation and load also implicitly incorporates electricity trading and implies that 

historical transmission constraints, generator costs, and operational limitations remain 

intact.30 AVoided Emissions and geneRation Tool (AVERT), created by Synapse Energy 

Economics, Inc. for the EPA, employs such an approach to determine the effects of energy 

efficiency and renewable energy policies on emissions.30 AVERT uses historical hourly 

plant data from the Air Markets Program to calculate the probability of each unit’s 

operation during certain regional demand ranges.30 The user can download a dataset for 

their region and historical year of interest, which the tool uses to determine the fossil units 

that will be offset by an addition of renewable energy or a reduction in demand.30 Regions 

similar in size to NERC regions were also developed because limited effects of trading 

were expected.30 The model analyzes changes in load and how those changes affect fossil 

units, so the tool is not appropriate to develop average EFs. Additionally, the generating 

unit operational probabilities are based on a Monte Carlo method and AVERT specifies 

the smallest significant unit as a MW,30 suggesting that AVERT may not be appropriate to 

analyze the effects of smaller projects. Despite these limitations, AVERT has more current 

data than other less complex methods available and it incorporates a user interface with 

simple inputs and multiple outputs that vary with time.  

 

Archsmith et al. used 2011 and 2012 historical load, transmission and generation data to 

develop probabilities of operation, by generator type, to estimate the marginal emissions 

from charging an EV in each NERC region.79 Jansen at el. also correlated historical 

generation with load to create a statistical relationship model for the western grid, with a 

focus on California.35 Instead of assigning probabilities to individual units, they calculated 

hourly average capacity factors for resource groups (e.g., nuclear generators) and 

correlated those with system load.35 The resources were dispatched with and without the 

additional load from a fleet of PHEVs to develop the marginal and average emissions rates 

of PHEV penetration.35  
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Siler-Evans et al. developed a statistical relationship method for calculating marginal EFs, 

based on hourly historical continuous emissions monitoring system (CEMS) fossil-fuel 

generator data for eight NERC regions.33  Their model uses a linear regression of emissions 

and generation with a monthly and hourly resolution, as well as individual regressions for 

demand bins, each representing 5% of the demand data.33 Graff Zivin et al. used the 

relationship between hourly emissions, also from CEMS data, and end-use consumption 

within NERC regions to compare PEVs to conventional vehicles and demonstrate the 

effects of time of charge.7 Graff Zivin et al.’s method yielded hourly marginal EFs in the 

three major interconnections and each NERC region, by creating a regression between 

aggregated hourly interconnection emissions and regional (NERC) hourly demand data.7 

The interconnections were employed for emissions to account for electricity trading 

between NERC regions within the interconnections.  

 

Holland and Mansur’s load variation emissions analysis model develops a relationship 

between emissions, average load, load variance, time, and temperature of nearby states as 

with other models using CEMs, FERC, and additional data sources.34 Their goal was to 

determine the effects of real time pricing on emissions. They categorized each hour as a 

high or low demand hour in a high or low demand day,  then shifted demand from high-

load hours to low-load hours to simulate the effects real time pricing on demand and 

emissions.34 Along with developing emissions intensities, this study highlights the 

importance of temporal variation. Stephan et al. used Holland and Mansur’s NERC region 

average emissions estimates when examining the short term emissions from charging a 

PHEV fleet with spare grid capacity.80 Holland et al. also developed an econometric model 

to estimate marginal emission factors by creating specific regressions between each 

individual power plant’s hourly emissions and its NERC region’s hourly load.29 

 

Moreau et al. proposes another form of statistical analysis, kriging, for estimating 

uncertainties in life-cycle inventories, specifically the uncertainties related to electricity 

generation.81 Kriging is a minimum variance unbiased estimator originally developed to 

interpolate for random processes.81  
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Statistical relationship models reflect EFs associated with the actual historical performance 

of the electricity grid system.  An advantage of this approach is that the operational 

constraints and complexities of the grid are reflected in the past performance of the system. 

Because these characteristics are reflected without modeling power system operations, 

calculation time and data requirements are reduced.  This also presents a key limitation of 

such models: their reliance on historical data and past relationships limits their utility for 

modeling future grid operations that greatly differ from the past. Select models, like 

AVERT, include the ability to consider some changes in the electric grid supply or demand, 

but the results are still based on past data, including current or historical infrastructure, 

policies, and fuel prices. Thus, such models cannot be used to estimate future emissions if 

significant grid infrastructure, fuel price or energy policy changes are expected.  However, 

statistical relationship models are often advantageous over simple EFs when a user’s load 

varies with time or significant load changes are expected because statistical model designs 

can often reflect hourly variation in emissions or generator operation and changes in load.  

 

2.4 POWER SYSTEM OPTIMIZATION MODELS 

Unit commitment and economic dispatch models are employed in day-ahead and real-time 

markets to optimize expected generator operations. These models offer functionality in 

evaluating projected electricity generation operations, bound by physical laws of power 

generation and economic optimization. Capacity planning models have a longer view to 

optimize infrastructure investment decisions over time. The level of complexity and 

inclusion of operational constraints can vary greatly in both capacity planning and 

economic dispatch models with a selection of common variables listed in Table A1. The 

increased complexity in these models compared to other model types provides them the 

ability to offer the most realistic means to predict impacts of climate change mitigation 

policy, model infrastructure expansion planning, or forecast market changes. However, the 

large number of inputs these models require could represent a barrier to for their use and 

their complexity represents a significant hurdle for incorporation in LCA and footprinting 

research. The results of these models depend heavily on the input data and assumptions 

made by the user. Results for the same load could vary drastically when using the same 

model with different assumptions.  
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This thesis divides the optimization models into three categories based on core 

functionality: economic dispatch, unit commitment, and capacity planning.  Overlap exists 

between categories and the models used in industry often span these categories.  Due to the 

importance of quality forecasting and its increasing difficulty with the growth of 

renewables, a large number of proprietary optimization models are available. The models 

in each category detailed in this thesis are listed in Table 2 and Table A2. 

 

2.4.1 Economic Dispatch 

Economic dispatch (ED) models determine generator output based on their relative cost of 

operation in order to minimize system cost, as influenced by fuel costs, transmission costs, 

unit efficiency, variable operations and maintenance costs, and other factors.  The methods 

to determine the marginal unit and its cost can vary slightly with each model.  Many 

dispatch models operate on an hourly basis while others like Strategist, NESSIE and 

ReEDS operate on a longer time frame because of their application in capacity 

planning.10,40,55   

 

Academic ED models are often less complex in comparison to the commercial models but 

operate on the same principles. McCarthy et al. and Axsen et al. use the Electricity 

Dispatch model for Greenhouse gas Emissions in California (EDGE-CA) in their research, 

a spreadsheet-based ED model specific to California.6,23 They used the model to calculate 

the marginal emissions from electricity consumed by battery electric vehicles (BEV), 

PHEVs, and fuel cell vehicles in order to create a well-to-wheels comparison.6 Raichur et 

al. developed a short-term, historical, dispatch model for ERCOT and NYISO, which 

deployed plants in order of least cost within fuel type categories.82 They included and 

excluded operating constraints when calculating the marginal CO2 emissions of EV 

deployment to illustrate the importance of the constraints in creating a dispatch that closely 

resembles realistic operation.82 Kim and Rahimi quantified emissions from EVs in the Los 

Angeles Department of Water and Power service area under various charging scenarios 

and fleet infiltration rates.45 Their method also ranks the generation units in order of 

marginal cost, with the addition of renewable portfolio standards and the incorporation of 
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upstream life-cycle emissions for each type of generation source.45 Vliet et al.’s method 

for the Netherlands operates nuclear, wind, PV, and combined heat and power first, when 

available, then operates the other units in order of variable operation and maintenance and 

fuel costs, typically resulting with natural gas-fired power plants on the margin.83 

EnergyPLAN can incorporate the interactions between electricity, heat and transport fuels, 

making it an appropriate model to use when the generation mix includes a high percentage 

of combined heat and power or when incorporating “vehicle-to-grid” technology, as in 

Lund et al.’s study.84 

 

Blumsack et al. developed an hourly ED model for PJM, ERCOT and MISO to assess the 

marginal emissions associated with a 30% fleet infiltration of PHEVs which charged 

during off-peak hours.85 They developed a short-run marginal cost curve for each region, 

which operated generators purely based on their heat rate and regional fuel prices.85 

Newcomer et al. as well as Newcomer and Apt also developed short-run marginal cost 

curves in PJM, ERCOT, and MISO to dispatch generators.86,87 They used eGRID for 

generator data and regional fuel prices as did Blunmsack et al., adding average markups to 

account for additional costs related to transmitting the electricity.86,87 Peterson et al. used 

Newcomer et al.’s method when determining net air emissions from PHEVs in PJM and 

NYISO.17,87 Pacific Northwest National Laboratory assessed the emissions from charging 

PHEVs by developing a production cost dispatch, for summer and winter, which 

determines the units that will need to increase their capacity factor to meet the new load of 

the PHEVs.88 Based on the emissions rates of those units the model determines the total 

emissions from the required increase in load.88  

 

2.4.2 Unit Commitment 

Some models also solve the unit commitment (UC) problem to determine which units will 

be on or off in upcoming time periods.  Minimum and maximum generator loads, ramp 

rates, flexibility, and other physical constraints may be used to determine these on-off 

decisions. The proprietary models in this group are dependent on data input by the user, 

including hourly demand profiles, market data, and transmission and distribution data. The 

user typically defines the outputs on a nodal/generator, hub, or zonal basis.  
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All of the models in this category are also security constrained models, which take grid and 

generator forecasted conditions (e.g., transmission line capacities and generator outages) 

into consideration when dispatching units to optimize power flow.89 Methods in both the 

security constrained UC and ED categories are called Security Constrained Economic 

Dispatch Models (SCED), for example, SCOPE, AURORAxmp, UPLAN-NPM, 

GridView, PLEXOS, Promod IV, and GE MAPS. FERC defines a SCED as “the operation 

of generation facilities to produce energy at the lowest cost to reliably serve consumers, 

recognizing any operational limits of generation and transmission facilities”.89 

 

Sioshansi and Denholm used a unit commitment model to calculate the changes in 

emissions caused by fleet PHEV deployment, with the incorporation of PHEV batteries for 

vehicle-to-grid services in the form of spinning reserves.90 This includes basic generator 

constraints, conventional generator costs, and PHEV operation costs.90,91 They calculated 

emissions using the UC model generation results and generator emissions rates, which 

included both fixed emissions rates, calculated from CEMs data, and variable rates, 

estimated using a non-parametric regression.92   

 

2.4.3 Capacity Planning 

We define capacity planning models as those that aim to optimize long-term infrastructure 

planning. Capacity planning models were among the first to rigorously optimize the grid 

system in the 1950s.93 While these models are not typically deployed to determine 

emissions impacts from changes in load, their ability to reflect infrastructure changes over 

long time horizons make them invaluable in assessing impacts over multiple decades. All 

of the capacity planning models listed in Table 2 consider the ED problem in some manner, 

but have additional functionally to determine optimal long-term (e.g., 25 years or more) 

infrastructure investments, such as transmission expansion or generation capacity changes. 

Such models can also be used to analyze the economic desirability and environmental 

effects of potential energy policies. AURORAxmp determines capacity expansion using a 

recursive optimization identifying resources, amongst current generating units and 

potential expansions with the highest and lowest future market values, in order to test future 
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policies and create least cost future infrastructure expansion plans.93 ReEDs focuses on the 

effects of the increased use of renewables and the analysis of climate policies that could 

lead to further renewable penetration.40,41 Examples of ReEDS’s applications include 

analyzing the least cost deployment and operation of utility resources in the case of a 

significant reduction in solar energy system costs43 or comparing the effects of proposed 

renewable electricity standards.94 Choi et al. developed a capacity planning model, which 

they used in coordination with an ED and UC model, to determine ways to reduce consumer 

expenditure when examining EV charging methods and fuel economy standards.51  

 

Strategist, which was designed for integrated resource planning,55 along with other capacity 

expansion models, such as IPM and NESSIE, aggregate their smaller generators or those 

of the same type to increase efficiency of the model.10,55,60 NESSIE focuses on emissions 

changes related to future adjustments to the electric grid or generators.55 The National 

Energy Modeling System (NEMS) operates on a time horizon of 25 years, in order to 

analyze the impact of energy policies.92 It operates numerous supply, demand and 

conversion modules to develop these results, one of which is an electricity market module 

that operates on an ED. NEMs data are used to develop the Annual Energy Outlook (AEO), 

which provides the input data for models such as NESSIE, IPM, and Oak Ridge 

Competitive Electricity Dispatch (ORCED).36,41,46,60 ORCED model’s ED operates using 

a modified Balleriaux-Booth procedure,36 (see ref.95). It uses NEMS to provide results out 

to 2030.95 ORCED does not attempt to determine appropriate new generation or 

infrastructure itself, but bases its supply on NEMS, eGRID and NEEDS databases.36 ORNL 

and Argonne National Laboratory both utilized ORCED to determine marginal electricity 

mixes and emissions for charging PHEVs.37,96  

 

NEMS and NESSIE both have supply and demand as specified functions, which change as 

the model solves for equilibrium.41,46 They are used together in Oak Ridge National Lab’s 

(ORNL) report, ‘Power Transfer Potential to the Southeast in Response to a Renewable 

Portfolio Standard’.46 The Integrated MARKEL-EFOM System (TIMES) is also an 

equilibrium model that operates to maximize surplus and minimize costs.39 This bottom-

up model is typically applied to an overall energy sector policy analysis over long time 
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horizons, but it can also be applied to single sectors like electricity.39  Babaee et al. utilized 

TIMES to study the effects of EVs on emissions and conditions under which high 

penetration could be achieved.38  

 

3 Case Study Analysis 

3.1 METHODS  

To illustrate the impact of method selection on grid emissions, we calculate and compare 

emissions factors corresponding to several EV charging station locations, selected to 

provide diverse regional distribution. EV charging was selected as a case study for this 

analysis due to the importance of electricity mix on EV emissions,12,19 the increasing 

adoption of the vehicles, and the variation in past research methods and results. 

 

We selected modeling methods based on the accessibility of the model, regional coverage 

of the model, data availability, and type diversity. We wanted to examine at least one model 

with each characteristic outlined in Table 1 to illustrate the wide range of results achieved 

across these disparate models. The methods used include six simple EF methods (U.S. 

Average, NERC, State, eGRID non-baseload subregion, eGRID subregion, Power Control 

Area/Balancing Authority), two EFs with trading (Import/Export Nested Average, Net 

Nested Average), one statistical relationship model (AVERT), and one UCED model 

(PLEXOS). A capacity planning model was not used due to the short time frame of the 

case study. The models are outlined in more detail in Table 2.  

 

The results present the CO2 emissions from operations, but do not include the upstream 

emissions related to fuel production and transportation. Estimates for the upstream 

emissions from the production of fossil fuels have been shown to have a much lower impact 

than those directly from combustion in the context of current generation mixes;3,28 

therefore the majority of fuel-cycle GHG emissions for EVs are a result of the electricity 

generation process.13,14,19,20 For all methods, we use 2010 data to match the EPA’s most 

recent eGRID database.31 Three of the selected models, AVERT, PLEXOS, and eGRID 

non-baseload, provide marginal EFs or estimates of such in the case of eGRID non-

baseload, while the remaining models provide average EFs.30,31 Additionally, PLEXOS 
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and AVERT are the only two methods of those compared quantitatively here that can 

incorporate the time variability of EV charging patterns. All other methods compared 

operate using yearly averages. However, all model types are included, not to advocate for 

their use but to show the range of outcomes they produce. In the discussion section we will 

examine the appropriateness of these methods. 

 

The data for the nine EV charging stations examined in our case study are from the U.S. 

Department of Energy Alternative Fuels Database.97 The stations were selected to ensure 

representation of different states, NERC regions, eGRID subregions, and Power Control 

Area/Balancing Authorities (PCA/BA). We selected charging stations in Florida, Hawaii, 

Illinois, Kansas, Maine, Minnesota, Nevada, North Carolina, and Texas.  Although, some 

charging stations have both EV1 and EV2 chargers, we assumed EV2 (240 V, 30 A) 

chargers were used, which operate at higher voltages than EV1 chargers allowing them to 

provide more energy to a vehicle in a shorter amount of time. The study employed each 

method listed above to determine the EFs (lbs. CO2 /kWh) for the selected stations.  The 

values for each method, other than PLEXOS, AVERT, import/export nested average, and 

net nested average, came directly from eGRID’s 9th edition database.  

 

To calculate EFs for the nested methods, we gathered values for total CO2 in lbs/kWh for 

the PCA and NERC region each charging station is located in from eGRID’s 9th edition.64 

Colett et al. used CO2-eq values when completing their analysis but total CO2 values were 

used for this analysis in order to maintain consistency among methods.24 All 2010 

import/export values came from FERC Form 714.98 Values for Rochester, MN and Alton, 

IL were not publically available due to MISO’s aggregated reporting. The nested methods 

were then applied to these values to calculate EFs, using the approach detailed in ref. 24.   

 

To calculate the marginal EFs from AVERT, we added 1 MW of generation, which 

conforms with AVERT’s significant figure requriements.30 Post-EERE (post-energy 

efficiency or renewable energy measure) and original emissions rates30 were used in Eq. 1 

to calculate the yearly average marginal EFs for each location (i). Eq. 1 calculates the 
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marginal EF for each hour (h) then averages these to determine the yearly average value. 

The hourly marginal EFs are illustrated later in a comparison with PLEXOS in Figure 3. 

𝐸𝐹𝐴𝑉𝐸𝑅𝑇,𝑖 =
1

8760
∑ (

𝐸𝑚𝑖𝑠𝑠𝑖𝑜𝑛𝑠𝑃𝑜𝑠𝑡 𝐸𝐸𝑅𝐸,ℎ – 𝐸𝑚𝑖𝑠𝑠𝑖𝑜𝑛𝑠𝑂𝑟𝑖𝑔𝑖𝑛𝑎𝑙,ℎ 

𝐺𝑒𝑛𝑃𝑜𝑠𝑡 𝐸𝐸𝑅𝐸,ℎ−𝐺𝑒𝑛𝑂𝑟𝑖𝑔𝑖𝑛𝑎𝑙,ℎ
)8760

0       (1) 

A 5.5% loss value was applied to the generation to convert from gross to net generation to 

align with other methods.99 Once all the methods’ EFs were calculated or gathered, the 

location-specific maximum percent difference from average was calculated using Eq. 2. 

𝑉𝑀𝐴𝑋,𝑖 = 𝑀𝐴𝑋 |
𝐸𝐹𝑀𝐸𝑇𝐻𝑂𝐷,𝑖−𝐸𝐹𝐴𝑉𝐸𝑅𝐴𝐺𝐸,𝑖

𝐸𝐹𝐴𝑉𝐸𝑅𝐴𝐺𝐸,𝑖
|    (2) 

The last model compared in the case study was PLEXOS by Energy Exemplar, the most 

complex model employed. We used PLEXOS to determine the hourly emissions factors 

for one of the charging stations, located in Minnesota. PLEXOS was not used to calculate 

EFs for every charging station location due to calculation time limitations and the large 

data requirements.  We employed assumptions identical to those in the base case of Johnson 

and Novacheck’s analysis,78 with the exception of updating costs and system 

characteristics to match 2010 values for comparably to other models.  The model assessed 

the Eastern Interconnection using integer programming with a 24-hour look ahead period 

using the Xpress-MP 25.01.05 solver.  The marginal EFs for PLEXOS (EFPLEXOS,i,h) were 

not included in the method variation or regional average EFs, but were used to illustrate 

electricity emissions variations with time. The factors were calculated by first running a 

base case (B) of the entire interconnection with 2010 load data. Then 1 MW of load was 

added to a region of the Midcontinent Independent System Operator MOIL (MISO MOIL), 

a regional boundary defined in Johnson and Novacheck78, ref 78, and the model was re-run 

to develop new (N), hour (h), generator (G) level emissions (EmissionsG,N,h) and generation 

(GenG,N,h) values. We assume that generators whose output increased represent the 

marginal units and whose emissions represent the marginal emissions, as detailed in Eq. 3.   

𝐸𝐹𝑃𝐿𝐸𝑋𝑂𝑆,𝑖,ℎ =
∑ (𝐸𝑚𝑖𝑠𝑠𝑖𝑜𝑛𝑠𝐺,𝑁,ℎ−𝐸𝑚𝑖𝑠𝑠𝑖𝑜𝑛𝑠𝐺,𝐵,ℎ)𝐺

0

∑ (𝐺𝑒𝑛𝐺,𝑁,ℎ−𝐺𝑒𝑛𝐺,𝐵,ℎ)𝐺
0

     (3) 

AVERT and PLEXOS’s hourly EFs were used to calculate the emissions per charge for 

four possible charging scenarios, beginning at 9am, 6pm, 10pm and 4am.  We assume that 
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the vehicle starts charging at the beginning of each hour selected and continues to charge 

until the battery has reached 95% of capacity over 2.7 hours.  The EFs for each hour or 

portion of an hour to charge the vehicle were substituted for EFh in Eq. 4 and averaged to 

determine the lbs. CO2/charge in each scenario. The total emissions from a complete 

vehicle charge at each station were calculated based on a constant charging rate and 

assumptions about the vehicle type and charging stations characteristics: 

- Battery Capacity (CAP) = 24 kWh 

- State of Charge (SOC) Range = 25% to 95% of full battery capacity 100 

- LossT&D = 6% 101 

- LossCharging Station =  13% 102 

The pounds of CO2 emissions per charge (lbs CO2/charge) for each region equals the 

regional EFs previously defined (EFh) multiplied by the CAP and the difference in SOC 

divided by the charging station losses and transmission losses in Eq. 4. 

𝐶𝑂2 𝑙𝑏𝑠./𝐶ℎ𝑎𝑟𝑔𝑒 =
(𝐸𝐹ℎ)(0.95−0.25)(𝐶𝐴𝑃)

(1−𝐿𝑜𝑠𝑠𝐶ℎ𝑎𝑟𝑔𝑖𝑛𝑔 𝑆𝑡𝑎𝑡𝑖𝑜𝑛)(1−𝐿𝑜𝑠𝑠𝑇&𝐷)
          (4) 

3.2 RESULTS 

Figure 2 illustrates the variation in EF in each region by representing the data based on 

charging station location.  This figure includes AVERT’s hourly EFs averaged over the 

year to provide comparable results. The spread of the results in each location ranged from 

0.21 lbs. CO2/kWh in Austin, TX to 1.4 lbs. CO2/kwh in Rochester, MN. Emissions factors 

for Rochester, MN and Alton, IL are absent for the Net Nesting and I/E Nesting methods 

due to lack of data.  

 

The marginal EFs were, on average, 21% larger than the average EFs. Others have noted a 

similar trend,6,7 but not consistently. For example, Siler et al. calculated higher marginal 

EFs than average EFs in 5 out of the 8 NERC regions they assessed.33 Trends between 

average and marginal are not always in the same direction.33 However, low-carbon 

generation such as hydro, wind, and solar also have very low (or no) dispatch costs, making 

these units rarely marginal and driving the down the average EF.  Additionally, the plants 

on the margin are higher in cost than those already running,6 possibly due to higher cost 

fuel or lower efficiencies.34,103 In a study of the U.S. Western Interconnection, the marginal 
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emissions were calculated to be 40% higher than the average emissions, due mainly to 

natural gas peaker plants.35 In California in 2010,  they were estimated to be 73-95% higher 

depending on time of day.2 In the UK, Ma et al. suggests that marginal emissions generally 

are 60% higher than average emissions.103 However, marginal emissions are not highest in 

each region, similar to the results found by Tamayao et al. that the magnitude and direction 

of the percent difference varies by region.68  

 

Figure 2. CO2 emissions, averaged across the year, per kWh based on charging station location [North 

American Electric Reliability Corporation (NERC), Power Control Area (PCA)]64,97  

 

We found that Rochester, MN’s emissions factors had the largest percent difference from 

the average, at 69%, driven by the PCA value being so much smaller than the average. This 

small emissions factor is driven by the generation mix in the region. Rochester, MN is 

located in the Southern Minnesota Municipal Agency PCA region, which generates 77% 

of its electricity from wind power, modeled as a zero emissions electricity source.64 The 

impacts of imports and exports on this region are unknown, due to data unavailability. Due 

to the “must take” nature of wind generation and the related potential for fast variation in 

dispatchable generation, Southern Minnesota Municipal Agency region might have more 

significant imports or exports, which would likely make the PCA region emissions factor 

more similar to the results from other methods.98  
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The Shawnee, KS PCA region value also differs greatly when compared to other methods. 

It is much larger than the average, at 2.57 lbs. CO2/kWh, because it is a result of two large 

coal plants operating at lower capacity factors, which suggests less efficient partial load 

operation.64 Other estimates are lower because the region imports 36% and exports 30% of 

total electricity consumption to regions with lower average EFs.98 This trading is not 

incorporated into the EF calculation of the PCA. If it were included, the emissions factor 

would decrease as indicated by the results from the I/E nested and net nested EFs for the 

region.  

 

The minimum percent difference from the mean occurred in Austin, TX (13.1%), for which 

the NERC, State, eGRID subregion, and AVERT regional boundaries are very similar, so 

the power for charging can be linked to a single grid across each level. The Texas area is a 

mostly isolated power grid,77 composed almost entirely of the Electric Reliability Council 

of Texas (ERCOT), which is one of the three major U.S. interconnections. In the nesting 

methods less than 1% of electricity consumed is imported or exported out of the PCA, 

which matches the ERCOT ISO.98 These examples illustrate the location-specific nature of 

what drives the variations in emissions factors across methods and regions. Two of the 

main location-specific factors are varying fuel mixes between spatial granularities, and 

high percentages of electricity imports and exports between regions coupled with large 

differences in EFs between regions.  

 

The comparisons above, based on Figure 2, included marginal and average factors, which 

would not normally be compared since they answer two different questions, but in past 

research, both marginal and average factors have been used to assess emissions from the 

same electricity loads. We include this comparison to underscore the importance of 

matching the method to the research question. However, when comparing average factors 

alone large variation still exists. Among the average factors, the largest percent difference 

from the mean was 63% between the U.S. average and the mean for Norway, ME. When 

compared to the U.S., on average, New England ISO (i.e., Norway, ME’s PCA) has a much 

smaller percentage of coal causing the other methods, with smaller regional boundaries, to 

have lower emissions factors.64 Variation among emissions factors suggests that even if 
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your EF types and research questions are matched, there are a variety of ways to estimate 

the emissions factor that can lead to different outcomes. 

 

AVERT and PLEXOS are unique among compared models in their ability to consider time 

variability.  They are the only two models among those quantitatively compared that meet 

the recommended model requirements for estimating the emissions from current EV 

charging: ability to vary with time and estimate marginal emissions. Figure 3 illustrates the 

impact of seasonal and diurnal time variations for both of these methods. 

 

 

Figure 3. Hourly and monthly CO2 emissions produced from electric vehicle charging a) MISO MOIL 

(PLEXOS) hourly emissions factors, b) Upper Midwest (WMW) (AVERT) hourly emissions factors, c) 

MISO MOIL (PLEXOS) emissions per charge & d) Upper Midwest (WMW) (AVERT) emissions per 

charge 
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The marginal EFs and emissions per charge versus time result in different hourly trends 

depending on the month. There are also significant differences between the two methods, 

PLEXOS on the left and AVERT on the right. The AVERT Upper Midwest (WMW) region 

shows a fairly distinctive trend. Winter and summer have lower EFs during the daytime 

hours than in the fall and spring. This trend is not seen for the PLEXOS analysis and there 

is less variation in general. One major difference between AVERT and PLEXOS is the 

incorporation of trading, for AVERT the marginal units are in the region of interest but in 

the case of PLEXOS the marginal generation could be coming from another region, which 

may be causing the decreased variability in hourly EFs. However, the AVERT region is 

much larger than the one used in PLEXOS, yielding an imperfect but still useful 

comparison. The boundary used for the PLEXOS analysis was MISO MOIL, which is 

made up of mainly Illinois and parts of Missouri (more details found in Johnson & 

Novacheck) while WMW contains parts of Illinois, Missouri, Wisconsin, Iowa, Minnesota, 

South Dakota, North Dakota and Nebraska.30,78  

 

4 Discussion 

This thesis illustrates the large array of approaches to estimate grid electricity emissions. 

The EV charging station case study vividly displays the wide range of possible results from 

these methods, underscoring the importance of method selection and the need for a 

consensus among the research community as to the appropriate methods to use for loads 

with particular characteristics. The variability of results seen is a direct impact of the 

assumptions employed by each method, making an understanding of these assumptions 

extremely important to method selection.  The method selected to estimate emissions 

should be specifically tailored to the load of interest and the study’s objective. Based on 

the results from the case study and the literature review, we offer several recommendations 

for selecting an appropriate model based on their characteristics and the features of the 

user’s load and research question. These recommendations are organized based on the key 

characteristics from Table 2: marginal or average emissions factor, regional boundary, 

perspective, and temporal granularity. Table 3 summarizes key recommendations, with 

Sections 4.1-4.4 providing, justification, examples, and more details. 
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Table 3. Recommendations on model characteristics required based on load features 

Characteristic Recommendations 
Marginal or Average 

Emissions Factors (4.1) 

1) If the load being studied is part of the existing demand or used in an attributional LCA 

where it does not represent a change, then an AEF is appropriate. 

2) If the load being studied represents an incremental new addition to demand or generation 

then a MEF is appropriate. 

Regional Boundaries (4.2) 1) Political regions should not be used as boundaries unless electricity flows in and out are 

minimal or electricity trading is taken into consideration. 

2) An average country level emissions factor should only be used for loads distributed evenly 

throughout the country. 

3) If specific plant locations are known, smaller regions like PCAs/BAs can be employed with 

caution, see recommendation 6 & 7. 

4) If the load is caused by an industry unevenly distributed across a country and specific 

production facilities information is unknown regional differences should still be considered. 

5) For regional loads, regional EFs using a region of the same size or larger are appropriate. 

Trading may need to be taken into consideration unless using average EFs and a NERC region 

or interconnection. 

6) For average EFs, if there is non-trivial trade with surrounding regions and the differences in 

regional EFs are large, the user should incorporate the emissions from the traded electricity. 

7) If assessing marginal emissions, the effect of the load change on electricity trading needs to 

be considered and when imports or exports are the marginal unit of energy they should be 

included in the emissions calculations. 

Historical or Future 

Perspective (4.3) 

1) Recent historical data are appropriate when estimating a product’s emissions from electricity 

consumption from the past, at present, or in the near future. 

2) A prospective model with sensitivity analyses should be used when studying a system that 

examines fuel prices, grid infrastructure, or policy change. 

Temporal Granularity (4.4) 1) Yearly averages should only be used for loads that are consistent throughout the year. 

2) For loads with strong diurnal shapes, models that can account for diurnal emissions variation 

should be used in regions where generation mix varies with time of day. 

3) For loads with strong seasonal variation, models that can account for seasonal emissions 

variation should be used in regions where generation mix varies with season. 

 

4.1 MARGINAL OR AVERAGE EMISSIONS FACTOR 

A key decision when selecting the appropriate method for calculating grid emissions is 

whether to use a marginal factor or an average factor, which according to Yang is one of 

the most fundamental choices.2 These factors truly answer two separate research questions. 

Most simple emissions estimation methods use averages; therefore individuals employ 

average methods more commonly,7,33 and specifically in LCA.62,63 Returning to the 

example of electric vehicles, we see use of both average and marginal emissions factors.  

The Department of Energy’s Beyond the Tailpipe Emissions calculator uses the average 

emissions rate from the eGRID2012 Version 1.0 Summary Tables.104 Additionally, 

Nichols et al. argue that due to the minimal penetration of EVs, emissions for a single 

vehicle represent the mix of all units generating at the time of charging, an average EF.77 

However, Zivin et al., Ma et al., Kim and Rahimi, Archsmith et al., and Tamayao et al. 
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calculated marginal EFs for estimating use-phase emissions from EVs, with Zivin et al. 

stipulating that average EF approaches are “conceptually incorrect” and Tamayao et al. 

stipulating they are “conceptually inappropriate”.7,45,68,79,103 McCarthy et al., and 

Elgowainy et al. uses a ‘marginal electricity mix’6  and ‘marginal-generation mix’.105 

Equity can also influence allocation. Some consider it unfair to separate future and current 

consumption because existing consumption dictates the emissions from new consumption.4  

 

In general, if the assumption is that the load in question represents part of the existing 

demand, then an average EF is more appropriate. If the load under analysis represents an 

incremental increase or decrease, marginal EFs can provide an emissions measurement 

specific to the change. Thus, for consequential LCAs of new loads, marginal factors are 

recommended5 and for attributional LCAs of existing loads an average factor is 

recommended.  The distinction is fundamentally about how the user’s load interacts with 

the existing grid and the research question they are asking. For instance, the electricity 

consumption of existing EVs would not be considered a change, therefore using average 

EFs would be appropriate. For example, if the research question is “What share of grid 

emissions are EVs responsible for?”, the researcher could justify the use of average EFs. 

 

For added must-take renewable energy capacity, or a reduction in demand, the user should 

employ marginal EFs because the majority of output change will come from generators on 

the margin. For example, in SRVC Virginia/Carolina, the PCA region for Cary, NC, 41% 

of the generation mix is nuclear and 55% is coal or natural gas,64 and the addition or 

subtraction of load would not typically impact the nuclear generation, but will more likely 

impact the coal or, most likely, natural gas fueled generators. This reality of grid operations 

is not reflected when researchers use average emissions factors to reflect the impact of 

changes in load. This is illustrated in the results with both marginal EFs being higher than 

the average EFs for Cary, NC.  

 

4.2 REGIONAL BOUNDARIES 

Selection of an appropriate regional boundary is another key consideration in calculating 

emissions due to the geographic variation in generation mixes,7,12,20,24,33 which are driven 
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by an area’s available resources, resource costs, demand profiles, and policy.6 At each 

charging station location, there was variation in the average EF for the PCAs, states, 

subregions, NERC regions, and the U.S. average. Even though these region sizes use the 

same methodology and data sources, the different regional boundaries drive a resulting 

difference in average EF. These results align with conclusions drawn by Weber et al. and 

Tamayao et al.3,68  Due to the importance of load consumption location, Wang et al. studied 

a locational marginal emissions methodology to shift the location of loads to reduce 

emissions, which succeeded in reducing emissions depending on the diversity of 

generators, spatial flexibility and CO2 pricing.105  

 

Industries distributed evenly throughout the entire U.S. can use an EF for the U.S., but this 

distribution is atypical and overly applied. Some industries, aluminum production for 

example, are scattered heterogeneously across the U.S. If the sources of aluminum are 

unknown, then the use of multiple regions weighted by the concentration of aluminum 

production, similar to the method used by Marriot and Matthews, is preferable to using 

U.S. average emissions.27 If the user knows the location of a specific plant, then a smaller 

region like a PCA/BA may be employed. However, if imports are a large percentage of 

consumption and neighboring regions have a different generation mix, inaccurate bias 

toward the generators in the region could result. As observed in the case study, the variation 

in emissions estimates increased among the EF methods as the region size decreased, 

possibly relating in part to the PCA method not accounting for imports and exports of 

electricity. To minimize this bias, a method similar to the nested approach would be 

appropriate.24 If the user’s load is regional, for example a regional increase in deployment 

of renewable generators, then a similar or slightly larger region should be selected.  

 

Effectively modeling electricity trading requires an expanded system boundary to 

incorporate trading regions, as well as the incorporation of transmission constraints.  These 

factors greatly increase modeling complexity. Studies have shown that incorporating 

electricity trading can affect the emissions results, with overall significance varying.24,27 

Marriott and Mathews found incorporating interstate trading resulted in emissions closer 

to the U.S. average and a small difference between the industry emissions factor before 
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and after interstate trading was incorporated.27 Colett et al. found, using the nested average 

and the import/export nested average method, that the EFs remained similar to the PCA 

average values24, which aligns with our results. When examining NERC regions, Holland 

et al. found that 80% of trade between control areas occurred within NERC regions.34 If 

states are used as boundaries, imports and exports become increasingly important because 

ten states import 25% or more of their electricity.67  

 

In general, political regions (e.g., states & countries), despite their convenience, do not 

represent suitable regional boundaries for EFs because they do not correlate with electricity 

interchanges.3,45,68 These boundaries should not be used unless electricity trading is taken 

into consideration. Johnson and Novacheck demonstrated that between 26% and 31% of 

emissions reductions from an expanded Renewable Portfolio Standard in Michigan would 

occur outside of the state.78 Even on a country level, electricity imports and exports can 

have a significant effect on emissions. In 2008, imports represented at least 30% of 

electricity consumption in seven OECD countries.28 Overall, the importance of 

incorporating electricity trading varies depending on the modeling region. Based on the 

variation in significance of including electricity trading and the majority of trading 

occurring within NERC regions, it is reasonable to neglect electricity trading when using 

these regions in modeling.  

 

Although, it is important that the user know the percent of electricity consumption that is 

imported, as well as the EFs of the surrounding regions, to ensure transparency. If the 

differences in regional EFs are large and the percent imports are non-trivial, emissions from 

the imported electricity need to be included to properly quantify changes in emissions. 

However, this analysis will only be effective when calculating average emissions. An 

addition in load could cause the regional demand to exceed the capacity or drive the 

marginal cost high enough that trading becomes economical. The trading would then be a 

consequence of the change in load meaning the emissions from the electricity traded should 

be attributed to the load. If the region from which electricity is imported has a significantly 

different EF from the region in which the load is located, then the trading is extremely 

important to consider. However, determining the effects a change in load will have on 
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trading requires information on a number of variables (e.g., marginal costs of electricity, 

wheeling charges, regional capacity, regional demand, transmission capacity, etc.), and 

therefore can only be appropriately assessed by Power System Optimization Models. 

 

Typically, it is difficult to generalize the importance of trading related to spatial resolution 

because the fraction of electricity consumed that is imported can vary significantly even 

between regions of the same type. Additionally, trading information is not always publically 

available for certain regional boundaries. 

 

4.3 HISTORICAL/FUTURE PERSPECTIVE  

Each model compared in the EV case study other than PLEXOS represents a historical 

perspective, meaning that past generation activity, grid infrastructure, and fuel prices 

determine EFs. AVERT allows the user to input “future” data sets to simulate “near-term” 

activity, which incorporates user adjusted plant additions and plant retirements but the 

other generating units’ probabilities of dispatch remain based on past actions.30  

 

Use of these historical relationships and outcomes should only be applied when modeling 

a load or a change in load that occurs in a system with infrastructure, policy and fuel prices 

consistent with the recent historical perspective. Such models are not appropriate to use 

when estimating the emissions reductions from future loads, load changes, or policies (i.e., 

higher energy efficiency standards or a more stringent Renewable Portfolio Standard). 

Future changes to the grid could significantly affect the EF of a region. Some of these 

changes could include unit retirement, new unit construction, transmission expansion, 

changes in fuel cost, environmental policies, and costs for emissions allowances. Such 

fundamental changes to the power system can, and do, occur over relatively short time 

periods, drastically changing power system operations and emissions.  The charging 

impacts of an EV may change drastically over its life simply due to these structural changes 

to the power system. Therefore, when analyzing policies, processes, or products with a 

multi-year forward-looking view, a prospective dispatch model that includes functionality 

to incorporate such changes should be used to attain meaningful results, unless grid 

infrastructure, policy, and fuel prices are expected to remain largely unchanged over the 
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time period of the analysis. However, as noted previously, prospective dispatch models are 

very sensitive to input assumptions and therefore completing sensitivity analyses is key to 

understanding how assumptions are affecting the emissions results. 

 

4.4 TEMPORAL GRANULARITY 

The importance of including temporal resolution varies based on the temporal variation of 

the load being modeled and the time span over which the user is interested in modeling 

(i.e., one day, one month etc.). eGrid bases EFs on yearly averages, which provides 

satisfactory results for industries that operate year round, at a constant load throughout the 

day. However, for electricity demand that has strong diurnal or seasonal variability, 

neglecting to include the time variation will provide unrealistic results8,12 in regions where 

the generation mix varies with time of day or season.62 This type of variation can be seen 

in the WMW AVERT region in Figure 3. If a load varies with time of day or there is interest 

in modeling specific hours of the day, a model that can output hourly emissions (e.g., 

AVERT, PLEXOS) should be used.  

 

Many studies have found large variations in emissions with time. Zivin et al. found that 

when PEVs charged at night during off-peak hours, they produced more emissions than the 

average car on the road in certain areas of the U.S.7  Kim and Rahimi found similar results 

for the Los Angeles area.45 Additionally, Zivin et al. found marginal emissions for one 

hour within a day to be more than twice that of another hour in the same day.7 Typically 

the larger the portion of hydro or wind in the electricity mix, the more emissions vary with 

time.12 Siler-Evans et al.’s study found regional and seasonal differences in the time of day 

variance of CO2 EFs, but overall temporal differences were modest.33 This leads back to 

the idea that the importance of temporal variation depends not only on the load being 

modeled but also on the region in which it occurs. 

4.5 GENERAL RECOMMENDATIONS 

The EV case study and qualitative model review illustrate that there are gaps in the exiting 

emissions models and methods. A user friendly, freely available model does not yet exist 

for assessing applications like an EV fleet, which should include hourly variation in 

marginal EFs and a future perspective. None of the statistical models or EF models offer a 
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future perspective, but the more complex models, like PLEXOS, can be too time intensive 

for research studies whose primary focus is not analyzing the grid.  AVERT and PLEXOS 

are the only methods used in our case study that include temporal variation, however 

AVERT does not account for future market changes. Of the models quantitatively 

compared, only the nested methods and PLEXOS directly accounted for electricity imports 

and exports. These gaps can result in an over-generalization of the electricity sector 

modeling, as seen in some of the LCA literature.  

 

A model to estimate emissions should be selected based on the load in question and the 

research question being asked. The recommendations outlined above can be a useful guide 

in selecting the appropriate model, but in many cases a model that fits all of an application’s 

requirements will not exist. Users should employ various techniques to analyze 

sensitivities. Within the Power System Optimization Models, the user can run sensitivity 

analyses in ways that the empirical models do not allow for; however, the computational 

burdens, assumptions, and data requirements are large. Ultimately, it will be important to 

develop a consensus around the appropriate methods for calculating grid emissions for 

particular load types in order to make proportionate product, process, and policy 

comparisons. 
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Appendix A 

Upstream Electricity Emissions 

Although this thesis’s focus is on direct emissions from the production of electricity, much 

of the literature that utilizes EFs to determine the GHG emissions from EVs also 

incorporates the upstream emissions from the feedstock recovery and processing prior to 

combustion. Yang argues that these emissions are critical to include when making 

transportation fuel comparisons2 but other studies assert that they have a much lower 

emissions impact than those directly from combustion.28,106 Many of the studies which 

incorporate the upstream emissions use the GREET model to attain these values. GREET 

incorporates four options for entering the electricity generation mix, U.S. average 

electricity mix being the first.2,107 The values for generation mix are derived from EIA 

projections.107 The fuel type and combustion technology EFs are calculated from eGRID 

unit level emissions and plant performance data, which is derived from the Clean Air 

Markets Division (CAMD).108 Michalek et al. used a base case of average U.S. grid 

emissions, as part of an LCA analysis, using eGRID and GREET data sources to determine 

emissions from HEVs, PHEVs and EVs.109 They then put bounds on their factors by using 

a zero emissions grid and a grid consisting of all coal fired power plants.109 Meinrenken 

and Lackner used a similar method, by presenting results across a wide range of emissions 

intensities they can account for regional and temporal variation, avoid the debate of 

marginal vs. average EFs, and simplify their analysis.21 Gaines et al. compared various fuel 

pathways for PHEVs, in terms of electricity, also with varying the fuel sources from coal 

to Wind & PV.110 Querini et al. used an all coal EF and an electricity mix of 50% coal and 

50% renewable to illustrate the importance of electricity mix.111 Raykin et al. looked at 

electricity generated from 100% hydroelectricity, 100% natural gas, 100% coal and the 

average Ontario electricity mix.16 They employed sole generation technologies to 

investigate the vehicles environmental performance in cases when those units were 

marginal, although the article notes that during the PHEV’s life the marginal electricity 

will likely not be generated by one fuel type.16 
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Table A1. Possible variables methods/tools incorporate  

System 

Representation 

Market Data 

Fuel prices 

LMP 

Market rules 

Emission prices 

Electricity demand (hourly) 

Generator Level Data 

(Aggregated or generator 

specific) 

Ramp rate 

Max output 

Min output 

Fuel type 

Prime mover technology 

Heat rate 

Availability factor 

Losses  

Emissions/kwh 

Historical operating trends 

Minimum run time 

Non-fuel costs 

Environmental compliance costs 

Transmission & Distribution Data 

Interchange restraints 

Demand locations 

Transmission outages 

Overall grid topology 

Losses (regionally or calculated based on grid infrastructure) 

Spatial Resolution Regional boundary 

Size  

Geographic or company based 

Isolated from surrounding regions or able import and export electricity 

Temporal 

Resolution 

Retrospective 

Historical imports/exports 

Historical generator operation data 

Past demand patterns and load variation 

Prospective 

Predictions of future infrastructure change (addition of generators, retirement 

of generators, grid infrastructure improvements, asset performance) 

Predictions for renewable technology improvements and cost reduction 

Predictions of future fuel prices 

Yearly, seasonally, hourly, 5 min data output data 

Future demand predictions 

Policy 

Incorporation 

Carbon tax or cap and trade considerations 

Current/future regional RE or EE policies 

Additional 

Variables 
Weather data 
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Table A2. Emissions estimation protocols quantitatively compared 

Emissions Estimation Protocol 

U.S. Average 

NERC 

State 

eGRID non-baseload subregion 

eGRID subregion 

Power Control Area/Balancing Authority 

AVERT 

Import/Export Nested Average 

Net Nested Average 

PLEXOS 

 

Table A3. Charging station locations30,31,64,97 

 

Station ID City State NERC eGRID AVERT PCA/BA 

60173 Minden NV WECC NWPP NW 210 

60879 Rochester MN MRO MROW WMW 256 

50012 Gainesville FL FRCC FRCC SE 172 

47718 Cary NC SERC SRVC SE 157 

41769 Austin TX TRE ERCT TX 165 

62640 Norway ME NPCC NEWE NE 185 

47928 Shawnee KS SPP SPNO SC 187 

51747 Alton IL RFC RFCW WMW 107 

49009 Honolulu HI HICC HIOA N/A 178 

 
Table A4. Emissions factors by location and method 64 

 

lD City, State 

U.S. 

Average NERC State 

eGRID 

non-

base 

load eGRID PCA AVERT  

Net 

Nested 

I/E 

Nested PLEXOS  

60173 Minden, NV 1.23 0.95 1.05 0.93 0.84 1.06 1.49 0.99 0.99 - 

42188 
Rochester, 

MN 
1.23 1.55 1.30 1.76 1.54 0.45 1.85 - - 1.90 

50012 
Gainesville, 

FL 
1.23 1.20 1.23 1.18 1.20 2.05 1.58 1.83 1.83 1.90 

47718 Cary, NC 1.23 1.29 1.18 1.87 1.07 0.78 1.58 0.78 0.85 1.87 

41769 Austin,  TX 1.23 1.22 1.27 1.43 1.22 1.22 1.33 1.22 1.22 - 

62640 Norway, ME 1.23 0.68 0.48 1.13 0.72 0.73 1.29 0.72 0.72 1.90 

47928 Shawnee, KS 1.23 1.65 1.66 1.62 1.80 2.57 1.60 2.24 2.24 1.89 

51747 Alton, IL 1.23 1.37 1.07 1.74 1.50 1.77 1.92 - - 1.88 

49009 Honolulu, HI 1.23 1.54 1.54 1.69 1.62 1.27 - 1.27 1.27 - 
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Table A5. Maximum variation in emissions estimation factors from the location mean EF 

 

Location, i 

Average (lbs. CO2/kwh)  

EFAVERAGE,i 

Max % Variation from Mean  

VMAX,i 

Minden, NVa 1.06 40.4% 

Rochester, MN* 1.38 67.6% 

Gainesville, FL 1.48 38.1% 

Cary, NC 1.18 58.6% 

Austin, TXa 1.26 13.1% 

Norway, ME 0.86 50.8% 

Shawnee, KS 1.85 39.2% 

Alton, IL* 1.52 29.3% 

Honolulu, HI**a 1.43 18.3% 
* Values do not include nested average data or I/E Nested Average data 

** The Honolulu, HI metrics do not include AVERT data 
a Values do not include PLEXOS data 

Note: These calculations averaged both marginal and average emissions facto
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Table A6. Summary of models and methods reviewed 

 

Method Characteristics Availability 
Regional 

Granularity 

Time 

Period 

Temporal 

Granularity 

Regional 

Imports/ 

Exports 

Marginal/ 

Average 
Output Data 

WattTime26 
Simple Emissions 
Factors 

Website Interface 
ISO/RTO 
Boundaries 

Historical/ 
Current 

5 min to 1 
hour 

No Average Emissions factors (lb/MWh)  

eGRID31 
Simple Emissions 
Factors 

PDF Table of 
Values 

PCA/BA, 

subregions, 
states, NERC & 

U.S. Average 

Historical Yearly No 
Average & 
Marginal 

Emissions factors (lbs/MWh), 

total emissions (tons), nameplate 
capacity (MW) & net generation 

(MWh) 

Grid Mix 

Explorer32 

Simple Emissions 

Factor 

Free download 
Excel interface 

(NETL) 

U.S. or user 

defined 
N/A N/A N/A Both 

EFs (kg/MWh delivered) for 32 
pollutants and CO2e, and resource 

energy (Mt/MWh) for five fuels 

Colett et al.24 

Emissions Factor 

Models with 
Trading/Imports 

Literature 
Combination 

BA & NERC 
Historical Yearly Yes Average Carbon intensity 

Marriot, J. & 

Matthews, S.27 

Emissions Factor 

Models with 
Trading/Imports 

Literature States Historical Yearly Yes Average State consumption mixes 

Soimakallio, S. & 
Saikku, L.28 

Emissions Factor 

Models with 

Trading/Imports 

Literature Countries Historical Yearly Yes Average 
Country Emissions factor (g 
CO2/kWh) 

AVERT30 
Statistical 
Relationship 

Model 

Free downloadable 

Excel interface 

U.S. covered in 

10 regions 
Historical Hourly No Marginal 

Displaced generation & 

Emissions (annual, monthly, 

weekly, hourly, region, state & 
county) 

Siler-Evans et 
al.33 

Statistical 

Relationship 
Model 

Literature 
2010 NERC 
regions  

Historical Hourly No 
Average & 
Marginal 

Emissions factors (kg CO2/MWh) 

Zivin et al.7 

Statistical 

Relationship 

Model 

Literature 

3 
interconnections 

(emissions), 

2010 NERC 
(consumption) 

Historical Hourly 
No (Consump) & 
Yes (Gen.) 

Average 

(Consump. 

& Gen) & 
Marginal 

(Consump.

) 

Consumption-based emissions 

factors & generation-based 

emissions factors (lbs/kWh) 

Holland et al.29 

Statistical 

Relationship 

Model 

Literature 9 NERC regions Historical Hourly No Marginal 

Plant level emissions, regional 

load and regional marginal 

emissions factors 

Holland, S.P & 

Mansur, E.T. 34 

Statistical 
Relationship 

Model 

Literature 
2004 NERC 

regions 
Historical Hourly Yesa 

Average & 

Marginal 

Emissions (tons), demand (MWh) 
& across day and within day 

emissions variation with load 

Jansen et al.35 
Statistical 
Relationship 

Model 

Literature 
U.S. Western 

Interconnection 
Historical Hourly 

Only between 
CA and western 

grid 

Average & 

Marginal 

Generation by generator type, 
generation mix, greenhouse gas 

emissions factors 
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Electricity 

Dispatch model 
for GHG 

Emissions in 

California 
(EDGE-CA)6,23,44 

Economic 

Dispatch 
Literature 

3 regions in 

California w/ 2 
external regions 

Historical Hourly Yes Marginal 

Generation mix, combustion and 

upstream greenhouse gas 
emissions 

Long-term 

Electricity 
Dispatch model 

for GHG 

emissions in 
California 

(LEDGE-CA)23,44 

Economic 

Dispatch, 

Capacity Planning 

Literature California Future Hourly No Marginal 
Generation mix, capacity, costs, 
GHG emissions 

The Oak Ridge 

Competitive 
Electricity 

Dispatch 

(ORCED) 
Model36,37 

Economic 

Dispatch 

Oak Ridge National 

Lab 

EIA Electricity 

Market Module 
Regions 2007 

Future Hourly Yes Average 

Average & marginal prices, total 

air emissions, average emissions 

factors, total generation and 
capacity factors by plant type, 

variable & fixed costs 

The Integrated 

MARKAL-

EFOM System 
(TIMES)38,39 

Economic 
Dispatch, 

Capacity Planning 

IEA-ETSAP User defined Future User defined Yes Average  

Amount of commodity consumed 

or produced, quantity of 
commodity traded, activity level 

of technology, investment in new 

technology, total system costs 

Kim, J. D. & 

Rahimi, M.45 

Economic 

Dispatch 
Literature 

Los Angeles 

Department of 
Water & Power 

Future Hourly Yes Marginal 
Generation mix, combustion and 

upstream greenhouse gas 
emissions 

EnergyPLAN48 
Economic 

Dispatch 

Freeware 

(www.energyplan.e
u) 

User defined 
Current/ 

Future 
Hourly Yes Both 

Energy balances, annual 

productions, fuel consumption, 

imports/exports, total costs, CO2 
emissions, etc. 

PJM Hourly 

Open-source 

Reduced-form 
Unit-

Commitment 

Model 
(PHORUM)49  

Security 

Constrained, 

Economic 
Dispatch 

Open-source 
(Carnegie Mellon 

Industry Center) 

PJM (divided 

into 5 regions) 

Current/ 

Future 
Hourly Yes Both Hourly power plant generation 

SCOPE50 

Security 

Constrained, 

Economic 

Dispatch 

For purchase 

Nexant 
User defined 

Current/ 

Future 
Hourly Yes 

Average & 

Marginal 

LMP, reactive power pricing, 

powerflow data, generation 

statistics, etc. 

Choi et al.51 

Security 

Constrained, 
Economic 

Dispatch, 

Capacity Planning 

Literature 

6 NERC regions 

in eastern 

interconnection 
(U.S.) 

Future Hourly Yes Average 
Capacity expansion and 
retirement, hourly generating unit 

output and carbon emissions 
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AURORAxmp42 

Security 

Constrained, 
Economic 

Dispatch, 

Capacity Planning 

For purchase EPIS Nodal based Future Hourly Yes 
Average & 

Marginal 

Fuel prices, energy price, fuel 

mix, emissions, transmission 
flows, load and price forecasts, 

corridor flows and limits, 

generator operations, etc. 

UPLAN-

NPM41,46,52 

Security 

Constrained, 

Economic 
Dispatch 

For purchase LCG 

Consulting 

Generator 

specific  

Current/ 

Future 
Hourly Yes 

Average & 

Marginal 

Physical & economic 

performance of grid elements 

(individual generator operations, 
transmission operations, generator 

costs & revenues, fuel 

consumption etc.), electricity 
trading 

GridView43 

Security 

Constrained, 

Economic 
Dispatch 

For purchase ABB 

Inc. 
User defined 

Current/ 

Future 
Hourly Yes 

Average & 

Marginal 

LMP forecast, generator 

performance, transmission & 

congestion info., transmission 
asset utilization, etc. 

PLEXOS53 

Security 

Constrained, 
Economic 

Dispatch, 

Capacity Planning  

For purchase 

Energy Exemplar 
User defined Future Hourly Yes 

Average & 

Marginal 

Generation unit statistics, NPV of 

production and investment costs, 

financial reports for generators, 
etc. 

Promod IV54 

(Can be 
integrated with 

Strategist)55 

Security 

Constrained, 
Economic 

Dispatch 

For purchase ABB 
Inc. 

User defined 
Current/ 
Future 

Hourly Yes 
Average & 
Marginal 

LMP for buses, total cost by 
region size, generating unit 

revenues, costs & operating 

statistics (emissions, CF, output, 
etc.) 

MAPs56 

Security 

Constrained, 

Economic 

Dispatch 

For purchase GE User defined 
Current/ 

Future 
Hourly Yes 

Average & 

Marginal 

Plant level generation & 

emissions, production costs, spot 

price, revenue value, consumer 

payments, etc. 

GTMax57–59 
Economic 
Dispatch 

For purchase 
ADICA 

User defined Future Hourly Yes 
Average & 
Marginal 

Financial reports (market 

transactions, market clearing 
prices, revenue & expenses, 

marginal costs, etc.), transmission 

constraints, plant level generation, 
non-power releases & reservoir 

operations 

ReEDS40–43 
Economic 
Dispatch, 

Capacity Planning 

Created by NREL 
for research 

purposes 

356 resource 

regions grouped 

into 4 levels of 

larger regions 

Future 
Bi-yearlyb, 
17 annual 

time slicesc 

Yes Average 

Generation capacity, generation 
mix, storage capacity, 

transmission capacity expansion, 

electric sector costs, electricity 

price, fuel prices and CO2 

emissions, etc. 
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IPM60 

Economic 

Dispatch, 
Capacity Planning 

Created by EPA for 

research purposes 

64 regions 

(covers all U.S. 

states & D.C.) 
11 Canadian 

regions 

Future Hourly Yes 
Average & 

Marginal 

Generation, Capacity mix, 

Capacity additions and 
retirements, Capacity and energy 

prices, Power production costs, 

Fuel consumption, Fuel supply 
and demand, Fuel prices for coal, 

natural gas and biomass, 

emissions, emissions allowance 
price, etc. 

Strategist55 (can 
be integrated 

with Promod IV) 

Economic 
Dispatch, 

Capacity Planning 

For purchase ABB 
Inc. (comprised of 

multiple modules) 

User defined Future 
Seasonal or 

Annual 
Yes 

Average & 

Marginal 

Outputs are extensive and vary by 

module (Generating unit statistics, 
load forecasts, resource cost, 

revenue requirements, fuel data, 

system emissions etc.) 

NESSIE10,46,47 

Economic 

Dispatch, 
Capacity Planning 

Output data for 

purchase EPRI 

EIA Electricity 

Market Module 
Regions 2007 

Future 

6 Typical 
days per 

year in 2 

hour blocks 

No Marginal 

Emissions (tons), emissions 
intensity (tons/MWh), prices, 

profits, loads served by 

technologies, electricity costs, etc. 

a) Temperature variables control for imports and exports 
b) Model output time scale 

c) Model analysis time scale 

 
 

 


