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ABSTRACT OF THE DISSERTATION 

 

Characterization of the Life Cycle Environmental Impacts and Benefits of Smart Electric 

Meters and Consequences of their Deployment in California 

 

by 

 

Glenn Gregory Sias 

Doctor in Environmental Science and Engineering 

University of California, Los Angeles, 2017 

Professor Deepak Rajagopal, Co-Chair 

Professor Richard F. Ambrose, Co-Chair 

 

Electric utilities across the United States and the world are involved in large scale 

efforts to develop electric smart grids, of which smart meters are a key component.  In 

this dissertation, I use life-cycle assessment (LCA) techniques to characterize the 

environmental impacts and benefits of the recent smart meter deployment in California 

and of smart meter-enabled programs to manage electrical demand.   

Background on smart meters, smart grid, electrical generation in California, and 

integrated demand side management is presented in Chapter 1.  I highlight the key role 

smart meters will play in new initiatives to manage residential electrical demand; to 

reduce the greenhouse gas (GHG) emissions from electricity consumption; and to 

facilitate the incorporation of increased amounts of renewable generation into 

California’s grid mix.  
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In Chapter 2, results are presented from a comparative, attributional LCA of a 

smart electric meter and a conventional meter.  I find that the smart meter has a larger 

footprint relative to the conventional meter for each of seven different environmental 

burdens investigated including global warming potential. The use phase dominates the 

production and end-of-life phases for both meters driven primarily by electricity used to 

operate both meters. The elimination of manual meter reading due to smart meter 

deployment provides some environmental benefits but not enough to offset increased 

impacts from the smart meter.  This LCA establishes baseline impacts for the smart 

meter’s life cycle that can be used to assess the consequences of its deployment in 

California. 

I next characterize potential future benefits from smart meter-enabled load 

reduction (energy efficiency and conservation) programs and investigate scenarios 

informed by the literature on information strategies and conservation under which these 

benefits could offset smart meter impacts.  I find that smart meter-enabled load 

reduction programs in California have high potential to yield significant environmental 

benefits including reductions in GHG emissions.  These benefits could be even greater 

in states with more GHG-intensive grid mixes.  My analyses of the environmental 

payback period and the effect of participation rates demonstrate these benefits are 

achievable, even with low levels of conservation and participation.  However, data from 

smart meter-enabled load reduction programs in California demonstrate environmental 

benefits have yet to materialize primarily due to low participation rates.  

In Chapter 4, smart meter-enabled demand response (or load shifting) programs 

in California are investigated.  Utility data demonstrate existing programs can yield 
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overall load reduction in addition to load shifting, but they also shift electricity use from 

peak demand periods with lower GHG-intensive grid mixes to those with higher GHG 

intensity.  However, increases in GHG emissions from load shifting are offset by overall 

energy conservation seen amongst program participants during demand response 

event days.  This results in reductions in GHG emissions that partially offset annual 

emissions increases due to smart meter deployment.   

In the last chapter, conclusions from this research are presented along with 

policy recommendations to drive more effective smart meter-enabled, integrated 

demand side management programs.  Areas for future research are also identified.   

 

  



 

v 
 

COMMITTEE PAGE 

The dissertation of Glenn Gregory Sias is approved.  

Charles J. Corbett  

Deepak Rajagopal, Committee Co-Chair 

Richard F. Ambrose, Committee Co-Chair 

 

 

 

University of California, Los Angeles 

2017 

  



 

vi 
 

DEDICATION 

 

 

 

 

To my always supportive parents, Jess and Mary Sias, and  

my wife, Tonantzin Carmelo.   

 

 

 

 



 

vii 
 

TABLE OF CONTENTS 

 

ABSTRACT OF THE DISSERTATION .............................................................................ii 

COMMITTEE PAGE ........................................................................................................ v 

DEDICATION ..................................................................................................................vi 

TABLE OF CONTENTS ................................................................................................. vii 

LIST OF FIGURES .......................................................................................................... x 

LIST OF TABLES ............................................................................................................xi 

LIST OF ABBREVIATIONS ........................................................................................... xiii 

ACKNOWLEDGEMENTS ............................................................................................. xiv 

VITA .............................................................................................................................. xvi 

 

CHAPTER ONE .............................................................................................................. 1 

Introduction 

1.1. Introduction ........................................................................................................... 1 

1.2. Background on Smart Grid .................................................................................... 3 

1.3. SM Basics ............................................................................................................. 7 

1.4. Consequences of SM Deployment ........................................................................ 9 

1.5. Electrical Generation in California ....................................................................... 12 

1.6. The Duck Curve .................................................................................................. 16 

1.7. IDSM ................................................................................................................... 18 

1.8. Life Cycle Assessment and Smart Grid............................................................... 25 

1.9. Attributional LCA, Consequential LCA, and SMs ................................................ 27 

1.10. Outline of Research .......................................................................................... 32 

 

CHAPTER TWO ............................................................................................................ 34 

A Comparative Life Cycle Assessment of Conventional Electromechanical 

and Smart Electric Meters at a Californian Electric Utility 

2.1. Introduction ......................................................................................................... 34 

2.2. Methods .............................................................................................................. 37 

2.2.1. Scope, Functional Unit, and System Boundary ............................................. 37 

2.2.2. Data Collection ............................................................................................. 39 



 

viii 
 

2.2.3. Inventory Analysis and Impact Assessment .................................................. 42 

2.2.4. Sensitivity Analysis ....................................................................................... 43 

2.3. Results ................................................................................................................ 45 

2.4. Discussion ........................................................................................................... 52 

 

CHAPTER THREE ........................................................................................................ 55 

An Investigation of the Environmental Benefits from Smart Meter-Enabled 

Load Reduction Programs in California 

3.1. Introduction and Background .............................................................................. 55 

3.1.1. Introduction ................................................................................................... 55 

3.1.2. Life Cycle Assessment and SMs .................................................................. 56 

3.1.3. Literature on Information Strategies and Conservation ................................. 58 

3.1.4. Data from Californian SME Programs ........................................................... 63 

3.1.5. Overview of Research .................................................................................. 66 

3.2. Methods .............................................................................................................. 67 

3.2.1. Attributional SM LCA and System Boundary ................................................ 67 

3.2.2. Data Collection ............................................................................................. 69 

3.2.3. Inventory Analysis and Impact Assessment .................................................. 69 

3.2.4. SME Conservation Scenarios ....................................................................... 70 

3.2.4. Offset of SM Deployment Impacts ................................................................ 70 

3.2.5. Impact of Grid Mix on SM LCA Results ........................................................ 71 

3.2.6. Environmental Payback Period of SM Deployment ...................................... 71 

3.2.6. The Effect of Participation Rates on the Offset of SM Impacts ..................... 74 

3.4. Results ................................................................................................................ 74 

3.5. Discussion ........................................................................................................... 86 

 

CHAPTER FOUR .......................................................................................................... 89 

An Investigation of the Environmental Benefits and Impacts of Smart Meter-

enabled Demand Response Programs at Californian Electric Utilities 

4.1. Introduction and Background .............................................................................. 89 

4.1.1. Introduction ................................................................................................... 89 

4.1.2. Background on DR and SMs ........................................................................ 90 



 

ix 
 

4.1.3. Environmental Benefits and Impacts of DR .................................................. 95 

4.1.4. Overview of Research .................................................................................. 96 

4.2. Methods .............................................................................................................. 97 

4.2.1. System Boundary ......................................................................................... 97 

4.2.2. Data Collection: California DR Program Results ........................................... 99 

4.2.3. Data Collection: Hourly Generation Data .................................................... 100 

4.2.4. GHG Impact Assessment of Existing DR Program Results ........................ 101 

4.2.5. GHG Impact Assessment for Future Scenarios .......................................... 102 

4.3. Results .............................................................................................................. 103 

4.4. Discussion ......................................................................................................... 117 

 

CHAPTER FIVE .......................................................................................................... 120 

Conclusion 

5.1. Introduction ....................................................................................................... 120 

5.2. Overview of Findings ........................................................................................ 121 

5.3. Policy Approaches ............................................................................................ 123 

5.7. Future Research ............................................................................................... 129 

5.8. Closing .............................................................................................................. 129 

REFERENCES ............................................................................................................ 131 

  

 

 

 

 

 

  



 

x 
 

LIST OF FIGURES 

 

Figure 1.  An example of a conventional electric meter. ................................................. 8 

Figure 2.  An example of a smart electric meter. ............................................................ 8 

Figure 3. Sample day (7/1/13) of all electrical generation sources in California (Data 

Source: CAISO (2016b)). .............................................................................................. 14 

Figure 4. Sample day (7/1/13) of renewable electrical generation sources in California 

(Data Source: (2016b)). ................................................................................................. 15 

Figure 5.  Re-creation of CAISO’s “duck curve” (Data Source: CAISO (2016a)). ......... 17 

Figure 6. The three stages of the SM and CM life cycles. ............................................ 38 

Figure 7. Process flow diagram for the CM. ................................................................. 39 

Figure 8. Process flow diagram for the SM. .................................................................. 39 

Figure 9. Normalized life cycle impact assessment results for baseline, best case, and 

worst case for CM and SM. ........................................................................................... 47 

Figure 10. The three stages of the SM life cycle under study in this research. ............. 68 

Figure 11. Process flow diagram for the SM’s life cycle. .............................................. 69 

Figure 12. Environmental payback period (time to offset SM GWP impact increases) for 

various rates of household electricity conservation and electricity grid mixes. .............. 83 

Figure 13. Environmental payback period from SME conservation (using CA IOU grid 

mix) with CM remaining useful lifetime (LT) varied. ....................................................... 84 

Figure 14. Participation rates required to offset annual SM GWP impacts as a function 

of average conservation rate for various grid mixes. ..................................................... 85 

Figure 15.  An example of a daily electrical load profile in California without DR and with 

load shifting due to DR programs. ................................................................................. 90 

Figure 16. The three stages and consequences of the SM life cycle under study in this 

research. ....................................................................................................................... 98 

Figure 17. Process flow diagram for the SM life cycle including DR. ............................ 98 

Figure 18.  Sample IOU data with 2013 average load per DR event per program 

participant and matched non-participant (Data source: George et al. (2014c)). .......... 100 

Figure 19. 2013 average hourly load per participant in the CPP1 program with a PCT 

and matched non-participant (Data source: George et al. (2014c)) ............................ 108 

Figure 20. Hourly renewable and hydroelectric generation percentages in California for 

2012 and 2013 summer and non-summer periods. ..................................................... 110 

Figure 21. Hourly renewable and hydroelectric generation percentages in California for 

2013 PTR2 event days, CPP1 event days, summer, and non-summer periods. ......... 110 

Figure 22. Average hourly generation GHG emissions factors in California for 2013 

PTR2 event days, CPP1 event days, summer period, and non-summer period. ........ 111 

Figure 23. Hourly renewable and hydroelectric generation percentages in California for 

future scenarios where solar and/or wind generation are increased so that 30% of daily 

electrical power is generated by renewable resources. ............................................... 115 

Figure 24. Hourly generation GHG emission factors in California for future scenarios 

where solar and/or wind generation are increased so that 30% of daily electrical power 

is generated by renewable resources.......................................................................... 115 



 

xi 
 

LIST OF TABLES 

 

Table 1.  Regulatory drivers for smart grid in California. ................................................. 5 

Table 2.  Components of smart grid. ............................................................................... 6 

Table 3.  Consequences of SM deployment. ................................................................ 10 

Table 4.  Percentage of total system power in California in 2015 by fuel source (Source: 

California Energy Almanac (2016)). .............................................................................. 13 

Table 5.  Categories of existing and future residential IDSM programs in California 

including load reduction (LR) programs and demand response (DR) programs. .......... 23 

Table 6. LCA data for CM and SM. ............................................................................... 41 

Table 7. Baseline values of model parameters with ranges used in sensitivity analysis 

for CM and SM. ............................................................................................................. 44 

Table 8. Life cycle impact assessment (TRACI 2.1) results for baseline, best case, and 

worst case scenarios for CM and SM. ........................................................................... 46 

Table 9. Contribution analysis for baseline scenario (TRACI 2.1) for the CM. .............. 48 

Table 10. Contribution analysis for baseline scenario (TRACI 2.1) for the SM. ............ 49 

Table 11. Summary of literature reviews on the use of information strategies to drive 

electricity conservation. ................................................................................................. 61 

Table 12. Summary of results from Californian SME electricity conservation programs.

 ...................................................................................................................................... 64 

Table 13. Variables used in calculation of environmental payback period of SM 

deployment. ................................................................................................................... 73 

Table 14. SM LCA TRACI 2.1 results utilizing the conservation rate due to feedback for 

higher-quality studies (1.99%) from Delmas et al. (2013). ............................................. 76 

Table 15. SM LCA TRACI 2.1 GWP results utilizing conservation rates from reviews of 

the literature on information strategies and conservation. ............................................. 77 

Table 16. SM LCA TRACI 2.1 GWP results utilizing conservation rates from Californian 

IOU SME LR programs. ................................................................................................ 78 

Table 17. Conservation rates at which annual SM life cycle impacts are offset by 

conservation benefits and the rate of impact reduction per percentage increase in the 

rate of conservation. ...................................................................................................... 79 

Table 18. SM LCA TRACI 2.1 GWP impact results for various rates of household 

electricity conservation and for the Californian IOU and various American electricity grid 

mixes. ............................................................................................................................ 80 

Table 19. Categories of managed, measured, and predictable DR programs in 

California including SME programs. .............................................................................. 93 

Table 20. Median GHG emission factors for various electrical generation sources from 

the 2011 IPCC Special Report on Renewable Energy Sources and Climate. ............. 102 

Table 21. Summary of Californian SME DR programs and results. ............................ 105 

Table 22. Summary of 2013 Californian SME DR program hourly system wide load 

reduction per event...................................................................................................... 107 

Table 23. Summary of system-wide daily load reduction per event for the 2013 

Californian IOU SME DR program............................................................................... 109 



 

xii 
 

Table 24. Summary of 2013 GHG emissions factors from Californian electrical 

generation during peak and off peak electricity demand periods. ............................... 112 

Table 25. Summary of 2013 system-wide reductions in GHG emissions observed in 

participants in IOU SME DR events in 2013. ............................................................... 113 

Table 26. Summary of reductions in GHG emissions per participant in IOU SME DR 

events per event and for 2013 in total. ........................................................................ 113 

Table 27. Electrical generation GHG emission factors for future scenarios in California 

where solar and/or wind generation are increased so that 30% of daily electrical power 

is generated by renewable resources.......................................................................... 116 

Table 28. System-wide GHG reductions for simulated scenarios where load shifting 

patterns from 2013 CPP1 event days are applied to various grid mix scenarios with 30% 

renewable generation. ................................................................................................. 116 

Table 29. Increased GHG emissions per MWh for load shifted from SME DR event 

hours to non-peak load hours for various 2013 and future grid mix scenarios. ........... 117 

 

 

 

 

 

 



 

xiii 
 

LIST OF ABBREVIATIONS 

 

ALCA  Attributional Life Cycle Assessment 

CAISO California Independent System Operator 

CPUC  California Public Utilities Commission 

CLCA  Consequential Life Cycle Assessment 

CM  Conventional Meter 

CPP  Critical Peak Pricing 

DR  Demand Response 

EV  Electric Vehicle 

EC  Energy Conservation 

EE  Energy Efficiency 

GHG   Greenhouse Gas 

HAN  Home Area Network 

HEMS  Home Energy Management System 

IDSM  Integrated Demand Side Management 

IOU  Investor Owned Utility 

LCA  Life Cycle Assessment 

LR  Load Reduction 

ME&O  Marketing, Education, and Outreach  

PTR  Peak Time Rebates 

PCT  Programmable Communicating Thermostat 

RF  Radio Frequency 

RTP  Real Time Pricing 

SM  Smart Meter 

SME  Smart Meter Enabled 

TOU  Time of Use 

 

  



 

xiv 
 

 

ACKNOWLEDGEMENTS 

 

I would like to thank the members of my committee including non-certifying 

members (Magali A. Delmas and Jack D. Sahl) for their support and guidance during 

the long journey to get to this point.  I especially want to thank my co-chair, Richard 

Ambrose, for his encouraging direction during periods when finishing this dissertation 

seemed insurmountable.  I also want to thank my other co-chair, Deepak Rajagopal, for 

guidance and for helping to expand my knowledge and understanding of consequential 

life cycle assessment.  I owe a great many thanks to Jack Sahl for encouraging me to 

return to school and for many years of collaboration.   

I want to thank my employer, Southern California Edison (SCE), for support of 

this research and thank the SCE employees and colleagues who assisted me with this 

project.  However, though I am employed as SCE, the views and opinions expressed in 

this dissertation are solely those of the author and do not reflect the official policy or 

position of the SCE.   

 There are so many people to thank for support and encouragement and for 

making the long journey toward finishing my dissertation enjoyable and rewarding.  My 

mom and dad, Mary and Jess Sias, have been there to support and encourage me 

personally and academically all my life, and I thank them for their love and for the many, 

many opportunities they provided me.  As I was working on my dissertation, I met an 

amazing woman and talented artist, Tonantzin Carmelo, who for some reason agreed to 

be my wife.  I thank you for driving me to finish this dissertation, for our “dissercations” 

(dissertation + vacation), and for your constant love, partnership, laughs, nutritional 



 

xv 
 

advice, and support.  I also thank my music partners, Kyle Betterton and Dan Sias, for 

distracting me from my dissertation with the most fun, intense, and rewarding musical 

collaboration I have ever had.  Our project probably delayed my graduation a bit, but it 

has inspired me in many areas beyond music, including academically.    

 I owe a great debt of gratitude to many other friends and colleagues.  Jon Sirugo 

has been a great friend and supporter for decades.  Fellow ESE doctoral student, Setal 

Prabhu, has been an awesome study partner.  My filing this dissertation this quarter is a 

testament to the power of mutual shaming to inspire action.  Thanks to Adam Sholder 

and the BLO for wisely dissuading me from pursuing my initial research on rocky 

intertidal zones.   

 Thanks to Myrna Gordon, formerly of the ESE program, for her guidance and 

encouragement to get through the ESE program.  And lastly, thanks to the ESE 

Program for a great experience that has allowed me to grow immensely both 

academically and personally over the last few years.   

  



 

xvi 
 

VITA 
 

 

EDUCATION 
 

 

Doctor of Environmental Science and Engineering 
University of California, Los Angeles 
 

Expected March 2017 

Master of Science, Environmental Health Sciences 
University of California, Los Angeles 
 

2007 

Bachelor of Science, Electrical Engineering 
University of California, Los Angeles 
 
 

1991 

PROFESSIONAL EXPERIENCE 
 

 

Senior Manager, Southern California Edison 
Corporate Environmental Health and Safety (CEHS) 
 

2011 - Present 

Senior Manager, Southern California Edison 
Electric and Magnetic Fields and Energy, CEHS 
 

2007 - 2011 

Technical Specialist/Scientist, Southern California Edison 
Electric and Magnetic Fields and Energy, CEHS 
 
 

1993 - 2007 

PUBLICATIONS 
 

 

 Tell RA, HC Hooper, GG Sias, and R Kavet. 2015. Electromagnetic fields 
associated with commercial solar photovoltaic electric power generating 
facilities. Journal of Occupational and Environmental Hygiene, 12(11), 795-
803.  

 Tell RA, HC Hooper, GG Sias, and R Kavet. 2013. ELF magnetic fields in 
electric and gasoline‐powered vehicles. Bioelectromagnetics, 34(2), doi: 
10.1002/bem.21730.   

 Sias GG and J Sahl. 2012. Nonionizing Electromagnetic Fields. In RH Friis 
(Ed.), Praeger Handbook on Environmental Health (pp. 547 – 572). Santa 
Barbara, CA: Praeger. 

 Tell RA, GG Sias, A Vazquez, J Sahl, JP Turman, R Kavet, and G Mezei. 
2012. Radiofrequency fields associated with the Itron smart meter.  Radiation 
Protection Dosimetry, 151(1), 17-29. 

 Kheifets L, D Renew D, G Sias, and J Swanson. 2010. Extremely low 
frequency electric fields and cancer: Assessing the evidence. 
Bioelectromagnetics, 31(2), 89-101. 



 

xvii 
 

 TD Bracken, G Sias, and RM Patterson. 2010. Measured Breakdown Voltage 
and Leakage Current of Line Worker Boots. IEEE Transactions on Power 
Delivery, 25(1), 508 – 517. 

 TD Bracken, G Sias, and RM Patterson. 2008. A Survey of Electrical Utility 
Worker Body Impedance. IEEE Transactions on Power Delivery, 23(3), 1251 – 
1259. 
 
 

AWARDS 
 

 

Electric Power Research Institute Technology Transfer 
Research Award 
 

2006, 2012, 2013 

California Wellness Foundation Scholarship  2005 
 

 
  



 

1 
 

CHAPTER ONE 
Introduction 

1.1 Introduction  
 

As the world shifts from debating the causes of climate change to taking action to 

reduce greenhouse gas (GHG) emissions, electricity generation and residential 

electricity use in particular will require special attention.  Electricity generation created 

about 30% of the United States’ GHG emissions in 2015 (US EPA, 2016a), and in 

California, electricity consumption accounted for about 20% of the state’s overall GHG 

emissions in 2014 (CARB, 2016).  In the coming decades, electrical utilities will be 

charged with reducing the carbon footprint of their product and operations.  To date, 

regulators have driven the electricity utility industry to respond to this challenge by 

introducing new generation with lower GHG emissions (e.g. renewable portfolio 

standards) and by encouraging customers to conserve and use electricity more 

efficiently. 

Efforts of electrical utilities to respond to climate change require the development 

of increasingly sophisticated, integrated electrical grids referred to as the “smart grids”.  

Much of the smart grid effort focuses on integration of renewable generation into the 

electricity grid and on increased monitoring and automation of electrical transmission 

functions.  However, a key component of smart grid development is the introduction of 

the smart electrical meter for all residential electrical customers.  Smart meter (SM) 

deployment is the cornerstone of the smart grid.  In addition to adding new functionality 

to support system reliability, SMs provide the technological means for utilities to institute 

new programs to allow their customers to better manage and reduce their electricity use 



 

2 
 

and to support increased renewable generation to reduce GHG emissions from 

electricity use.    

The deployment of SMs has been justified partially by its potential to produce 

environmental benefits, and the devices have been promoted by electric utilities and 

regulators as a green technology (CPUC, 2008a, 2016a; SCE, 2011).  The rationale 

behind this is that SMs will enable widespread utility programs designed to encourage 

changes in consumer behavior (e.g. by providing cost and usage feedback or cost 

signals to consumers) to reduce and/or shift the timing of electricity consumption.  

Previously, such programs were available only on a small scale with installation of non-

standard devices at customers’ homes (e.g. pilot electronic meters and load restriction 

devices).  SMs allow these programs to be instituted on a system-wide basis to all 

customers.  As such, the devices are expected to play a key role in the carbon 

management of electricity consumption (Darby, 2013).  However, while SMs hold 

conceptual promise of environmental benefits, there has yet to be a systematic 

assessment of the environmental impacts and potential benefits from large-scale 

deployment of the meters.   

California has been a leader in smart grid development.  SM deployment by the 

state’s utilities was essentially complete in 2012 (CPUC, 2016b).  Ahead of most other 

states and nations, California has implemented initial smart meter-enabled (SME) 

programs to manage and reduce consumer electricity use, so this state provides a 

unique opportunity to study SM deployment.   

In this dissertation, I use life-cycle assessment (LCA) techniques to characterize 

the environmental impacts and benefits of the recent SM deployment in California.  I 
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consider both attributional aspects of the SM’s life cycle as well as consequences of SM 

deployment.  In Chapter 1, background on smart grid, electrical generation, and 

integrated demand side management (IDSM) is presented to highlight the key role SMs 

will play in new initiatives to manage electrical demand and reduce GHG emissions 

from electricity consumption.  This introduction frames the questions investigated in this 

research.  In the second chapter, I present the results of a comparative LCA of a SM 

and an electromechanical (i.e. “non-smart”) meter formerly used at a Californian utility.  I 

then focus on the consequences of SM deployment by first examining the potential 

benefits of SME electricity conservation and efficiency programs in Chapter 3.  Next, the 

potential impacts and benefits of SME demand response (DR) programs, which aim to 

shift residential electricity consumption away from times of peak electrical demand, are 

studied in Chapter 4.  In the last chapter, conclusions from this research are presented 

along with policy recommendations to drive more effective SME programs to manage 

and reduce electrical demand.  Areas for future research are also identified.    

1.2. Background on Smart Grid  

 

For nearly a century following their inception, electrical grids remained relatively 

static in their design.  However, as electronic and communication devices proliferated in 

the late 20th century and early 2000s, efforts to deploy electronic technologies along 

with increased renewable generation to modernize electrical grids into so-called “smart 

grids” gained momentum.  The European Commission Task Force on Smart Grids 

offered a useful definition of smart grid as “an electricity network that can cost-efficiently 

integrate the behaviour and actions of all users connected to it – generators, 

consumers, and those who do both – in order to ensure an economically efficient, 
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sustainable power system with low losses and high levels of quality and security of 

supply and safety” (ECT, 2010).  

In California, there were several regulatory drivers to spur the development and 

deployment of smart grid technology in the state (Table 1).  The California Public 

Utilities Commission (CPUC) became a leader in deploying smart grid technology in 

2003 with an order requiring investor-owned utilities (IOUs) to institute advanced 

electrical metering programs and to install SMs at the homes of all residential customers 

as well as businesses and other institutions (CPUC, 2003).  By 2012, SM deployment 

by the three IOUs that serve most of the state’s population was complete.   

In addition to SMs, smart grid consists of many other technical advances aimed 

at making electrical grids more reliable and efficient while reducing GHG emissions from 

electricity use (Table 2).  These advances include incorporating remote sensing and 

communication devices throughout the generation, transmission, and distribution 

network to yield grid management efficiencies and enhance system reliability.  Other 

smart grid efforts include the incorporation of increased renewable generation into the 

grid along with large and small scale battery storage of renewable energy, and 

increased distributed electrical generation, such as household solar generation.  At the 

consumer level, smart grid efforts will spur the development of smart appliances, new 

programs to manage and reduce electrical demand, and increased electric vehicle (EV) 

charging in residences.   
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Table 1.  Regulatory drivers for smart grid in California. 

Regulatory Driver Description Smart Grid Implication 

California Global Warming 
Solutions Act of 2006 
(CA AB 32) 

Ordered the reduction of 
GHG emissions to 1990 
levels by 2020 and to 80% 
below 1990 levels by 2050 

Increased deployment of 
renewable generation and 
development of new SME 
programs to manage 
electrical consumption 

California Long Term Energy 
Efficiency Strategic Plan 
(CPUC 2008) 

Ordered zero net energy use 
for all new homes by 2020, 
and for all new commercial 
buildings by 2050 

Coordinated incorporation of 
smart grid technology 
including SMs, battery 
storage, and solar panels into 
the design of new homes and 
communities 

CPUC Energy Efficiency 
(Sections 454.5 and 454.55) 
(2005)  

Utilities must meet electrical 
resource needs first through 
all available EE and DR 
resources that are cost- 
effective, reliable, and 
feasible, with specific targets 
to be determined jointly by 
the CPUC and California 
Energy Commission 

Development of smart-meter 
enabled programs to promote 
new EE and DR programs  

California Renewable 
Portfolio Standard (SB 1078 
(2002), SB 107 (2006) and 
SB 2 (2011))  

All retail sellers of electricity 
must serve 33% of the load 
with renewable energy by 
2020 increasing to 50% by 
2030. 

Increased deployment of 
renewable generation, SM 
deployment, development of 
new programs to manage 
electrical consumption 

CPUC Decision 03-06-032 on 
Advanced Metering Order 
(2003)  

Ordered California IOUs to 
submit proposals for 
deployment of advanced 
electrical metering for 
residential electrical 
customers 

Deployment of SMs in the 
service territories of IOUs  

CPUC Energy Storage Order 
(2013) 

Ordered IOUs to deploy 
1,325 megawatts of storage 
by 2020 

Development and deployment 
of battery storage throughout 
the electrical grid 
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Table 2.  Components of smart grid. 

Smart Grid Components Description 

Renewable Generation Integration Increased deployment of large scale solar 
photovoltaic, solar thermal, wind, small 
hydroelectric, geothermal, and biofuel generation 

Large-scale energy storage Development and deployment of new 
technologies to store renewable energy using 
batteries and other devices.  

Improved grid monitoring and system 
coordination  

Deployment of new monitoring and control 
devices to improve system reliability 

Distributed Generation  Integration of solar and wind generation at 
customer residences and businesses 

Smart Meters Deployment of advanced electrical meters with 
electronic data storage and wireless 
communication capability   

Smart Electric Vehicles and Chargers Increased market penetration of electric vehicles 
and smart chargers that can communicate with 
SMs 

Smart Appliances and Residential Devices Development and deployment of appliances and 
energy management systems with wireless 
communication capabilities to connect with SMs 
and home area networks 

Home Battery Storage Deployment of batteries in residences to store 
renewable energy from solar panels and wind 
generators 

Energy Efficiency and Demand Control 
Strategies 

New utility programs to manage and reduce 
consumer electrical demand 

 

While there are many smart grid initiatives, the cornerstone of the smart grid is 

the electric SM.  The SM is the portal through which utilities can instantaneously and 

continuously interact and communicate with consumers and their devices.  SMs allow 

the passage of real-time information between utilities and their customers.  This 

functionality will in turn enable a number of smart technologies and large-scale 

programs to help consumers manage and reduce their electricity use and help utilities 

and grid operators manage electrical demand as well as the electrical system.   
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1.3. SM Basics 

 

Prior to the deployment of SMs, electrical utilities utilized electromechanical 

meters (referred to as conventional meters (CMs) for this research) to track consumer 

electricity usage.  CMs are essentially electromechanical motors that spin faster and 

slower depending on how much electricity is being used at a building (Figure 1).  A set 

of gears and analogue dials track the cumulative amount of energy used at a residence 

in a manner similar to the odometer of a vehicle.  Utility meter reading personnel must 

visit a residence to read the meter for billing purposes.  Cumulative electricity usage is 

recorded at the beginning and the end of a billing cycle, and household energy 

consumption is determined simply by subtracting the first reading from the second.  The 

only information the CM supplies is how much electricity the consumer utilized between 

readings.  No other data, such as the time the electricity was used, is available.  The 

utility then processes the meter reading data and issues a bill. The customer only 

receives information on how much electricity they have used over a billing period and its 

cost.   

SMs (Figure 2) utilize electronic components to continuously measure and store 

various customer data including electricity consumption, the time of consumption, and 

other data, such as the system voltage delivered to a residence.  The SM periodically 

transmits customer data to the utility using one of its radio frequency (RF) antennas.  

Utilities can also send information and commands to individual meters.  SMs have a 

second low-power RF transmitter for communication with the customer’s home area 

network (HAN) and with devices, such as home energy management systems (HEMS) 

and smart appliances.   
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Figure 1.  An example of a conventional electric meter. 

 

 

Figure 2.  An example of a smart electric meter. 
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1.4. Consequences of SM Deployment  

 

The deployment of SMs is anticipated to have several consequences (Table 3).  

The first set of consequences affects day to day utility operations.  With wireless 

transmission of customer usage data, utilities can eliminate traditional meter reading 

activities.  Because SMs include functionality to remotely turn a customer’s electrical 

service on and off, utility visits to residences for this purpose are no longer needed.  

SMs can also assist with system outages and power restoration efforts.  The devices 

can immediately alert utilities to outages and their locations for faster dispatch of 

restoration crews.  Additionally, SM voltage readings can aid in addressing system 

issues, such as low voltage.   

SMs are anticipated to spur the development and widespread deployment of new 

technologies in consumers’ homes.  Smart appliances that can communicate with SMs 

via HANs are currently under development.  The next generation of HEMS that 

communicate with both SMs and smart appliances are also under development.  The 

promise of these new technologies is that they will empower consumers to automate 

management of their energy consumption to save energy and money.   
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Table 3.  Consequences of SM deployment. 

Consequence Description California Status 

Elimination of Meter 
Reading Activities 

Wireless communication eliminates monthly meter 
reading visits to customers’ homes.  

Implemented  

Automated Service 
Connection and 
Disconnection 

Wireless communication and an internal mechanism to 
turn electrical service on and off for utility customers 
eliminate visits to residences for this purpose. 

Implemented 

Enhanced Response 
to System Outages 

SMs detect system outages immediately and transmit 
information to utilities for faster outage response. 

Implemented 

Integration of smart 
appliances into 
homes and electrical 
grids 

Smart appliances can communicate with SMs to help 
consumers manage the use and cost of operating the 
devices. 

Under development 

Time-of-Use Pricing 

Because SMs can record when electricity is used, 
utilities have the ability to charge customers varied 
rates to reflect the higher cost of electricity during peak-
use periods.  

In progress 

Facilitation of EV 
deployment  

SMs can communicate with smart EV chargers to 
provide electricity pricing information to charge special 
rates for off-peak charging.  This is anticipated to 
facilitate the increased penetration of EVs into the 
automobile market.  

In progress 

Wide-scale 
deployment of energy 
efficiency programs 
providing feedback to 
utility customers to 
drive conservation 

Utilizing SM wireless communication capabilities and 
continuous collection of electricity use data, utilities can 
institute system-wide programs to encourage 
conservation. 

In progress 

Wide-scale 
deployment of 
demand response 
programs utilizing 
price incentives to 
drive customer load 
shifting 

Utilizing SM wireless communication capabilities and 
continuous collection of electricity use data, utilities can 
institute system-wide programs to encourage 
customers to shift electricity usage to off-peak periods 
using cost-signals or incentives.  

In progress 

Automation of 
Integrated Demand 
Side Management 

Utilizing SM communication capabilities in combination 
with energy management systems and smart 
appliances, consumers can automate electricity 
conservation and load shifting. 

In progress 

Reduced need for 
new generation 
stations and power 
lines 

Successful implementation of SME programs to reduce 
and shift electricity use could eliminate the need for 
new generation stations and associated power line 
infrastructure. 

In progress 
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 SMs have the potential to change how utilities charge customers for electricity.  

In California, residential customers are normally charged for how much electricity they 

use over a billing period.  With the exception of special opt-in programs, residential 

electricity prices are the same whether electricity is used during peak period or non-

peak periods.  The SM’s ability to track when electricity is used allows for utilities to 

institute time-of-use (TOU) or other rate structures that reflect the higher cost of 

electricity during peak periods.  This functionality may also facilitate the penetration of 

EV chargers into customers’ homes.  SMs can communicate with smart EV chargers 

and allow special EV charging rates during non-peak hours without the installation of an 

additional meter or device.  

The last set of consequences are those related to utility integrated demand side 

management (IDSM) programs.  IDSM is a portfolio of measures and programs 

designed to both encourage customers to shift electricity use away from periods of peak 

demand and to reduce overall electricity consumption (Davito et al., 2010).  With the 

ability to continuously track and transmit customer usage and charge different rates for 

during peak and non-peak use periods, utilities will be able to institute new IDSM 

programs using SMs.  IDSM programs have been in use by utilities for decades.  

However, they have often required the installation of non-standard devices or meters at 

a residence to provide use or cost feedback or to restrict consumers’ equipment usage 

during peak demand periods.  As such, their penetration into the utility customer base 

was limited.  SM deployment will enable new IDSM programs to be instituted system-

wide.  Additionally, regulators could one day institute mandatory IDSM programs in 



 

12 
 

place of existing voluntary programs.  New IDSM programs are expected to play a key 

role in grid management in an era of increased renewable generation (CAISO, 2016a).   

1.5. Electrical Generation in California 

  

In order to understand the potential impact of SME IDSM programs, a discussion 

of the current and future states of electrical generation in California is warranted.  In 

2012, the final year of its SM deployment, California generated about 70% of the 

electrical energy used in the state (Cook et al., 2013).  About 44% of in-state generation 

utilized natural gas as a fuel source (Table 4).  Renewable sources provided about 15% 

of the state’s generation.  Nuclear sources generated about 9%, which was about a 

50% reduction from previous years due to the shutdown of a major nuclear generation 

facility in January 2012 (US EIA, 2016).  Hydroelectric facilities provided another 9.8%.  

The gap between electrical demand and in-state generation was met by importing 

energy from out of state, some of which cannot be classified by source (16.4%).  

Imports come primarily from natural gas and coal generators in Nevada and Arizona, a 

nuclear power plant in New Mexico, and hydroelectric generators in the Pacific 

Northwest (Cook et al., 2013).  

As the state has pursued its renewable portfolio goals, generation sources in 

California have been in flux.  By 2015, the percentage of electricity from renewable 

sources had climbed to 21.9% with solar generation accounting for 6.0% and wind 

generation 8.2%.  Due to drought conditions in the western United States, the 

percentage of overall power from hydroelectric generation dropped to 6.3% from 13% in 

2012.   
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Table 4.  Percentage of total system power in California in 2015 by fuel source (Source: California Energy 

Almanac (2016)). 

Fuel Source Percent of Total 
System Power (2012) 

Percent of Total 
System Power (2015) 

Coal 7.50% 6.00% 

Large Hydro 8.30% 5.40% 

Natural Gas 43.40% 44.00% 

Nuclear 9.00% 9.20% 

Oil 0.00% 0.00% 

Other 0.00% 0.00% 

Total Renewables 15.40% 21.90% 

Biomass 2.30% 2.60% 

Geothermal 4.40% 4.40% 

Small Hydro 1.50% 0.90% 

Solar 0.90% 6.00% 

Wind 6.30% 8.20% 

Unspecified Sources of Power 16.40% 13.50% 

Total 100.00% 100% 

 
 While the above statistics represent average, annual generation percentages, 

electrical demand varies widely over a day and a year.  Generation resources must be 

constantly managed and deployed as needed to match electrical demand.  Demand in 

California typically peaks in the afternoon when air conditioning loads increase.  It 

declines slightly in the early evening (around 7pm) as shown in a sample day of 

generation depicted in Figure 3.  On hot summer days, unusually high electrical demand 

in the afternoon can stretch the capacity of available electrical generation and the 

electrical grid.  Loads during these periods are referred to as critical peak loads.  During 

critical peak periods, grid operators and utilities initiate customer IDSM events to shift 

loads to non-peak periods.  In rare cases, they may even institute rolling blackouts to 

avoid widespread grid instability.   
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Figure 3. Sample day (7/1/13) of all electrical generation sources in California (Data Source: CAISO 

(2016b)). 

 
During typical days, peak loads are managed by deploying, or “ramping”, 

generation sources to meet electrical demand.  However, this is not as simple as 

dispatching a large generation station to meet rapidly increasing demand because these 

electrical generators cannot be started and shut down quickly.  As such, large 

generation facilities serve as “base generation”, meaning they output a steady amount 

of power throughout the entire day.  The sample day of Californian generation in Figure 

3 illustrates this.  Note that the overall generation on this day never drops below about 

25,000 MW.  To meet this base load, a steady mix of thermal (i.e. fossil fuel generation), 

hydroelectric, nuclear, and imported generation feeds power to the grid all day and 

night.  Some generation sources provide a constant output of power throughout the day 

like nuclear and imports.  Looking at the renewable generation for the same day (Figure 

4), it can be seen that geothermal, small hydroelectric, and biofuel generation output 
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remains relatively constant as well.  All of these sources serve as base generation as 

does much of the thermal generation.   

 

Figure 4. Sample day (7/1/13) of renewable electrical generation sources in California (Data Source: 
(2016b)). 

 

Solar and wind generation output, however, is highly variable.  Solar generation 

peaks during the afternoon coinciding with peak air conditioning load.  As the sun sets, 

solar photovoltaic generation disappears and only a small amount of solar thermal 

generation lingers into the evening.  Wind generation in California typically diminishes 

during hot afternoons, increases in the evening, and continues throughout the night and 

into the early morning.  However, on any given day or time of day, these resources may 

not be available depending on atmospheric conditions.  Aside from its temporal 

variability, renewable generation is notable in that it is “must-take” generation that 

utilities must purchase.   
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The remaining gap between electrical demand and base and renewable 

generation must be met by flexible, smaller generation plants that can be started and 

stopped quickly and by larger generation plants with turbines that are spinning but not 

being tapped for power.  The latter resources are referred to as “spinning reserves”, and 

the former are known as “peaker generation”. In California, peaker generation is 

primarily fueled by natural gas.  The California Independent System Operator (CAISO) 

manages the deployment of peaker generation using day-ahead demand forecasts 

based on weather forecasts and other factors.  Based on these forecasts, CAISO 

solicits bids from generating companies to supply peak generation on what is referred to 

as the “day-ahead market”.   

1.6. The Duck Curve 

 

CAISO is charged with overseeing the operation of California’s electrical grid.  It 

has recently raised concerns about the state’s increasing reliance on intermittent, 

renewable generation sources and the impacts it will have on grid stability (CAISO, 

2016a).  CAISO’s “duck curve” (Figure 5) is intended to illustrate these concerns.  The 

duck curve displays actual and forecasted hourly net loads (defined as overall 

forecasted electrical demand minus forecasted electricity production from variable 

generation resources, wind, and solar) between 2012 and 2020 during spring months 

before higher air conditioning loads materialize.  Net load is served by a combination of 

base and peaker generation. 

CAISO identified two grid management issues California could face as more 

renewable generation is incorporated into the grid.  First, starting in 2018, combined 

base, wind, and solar generation have the potential to exceed electrical demand in the 
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afternoon.  This condition is known as “overgeneration”, which can create reliability 

issues, such as voltage and frequency stabilization problems.  The second issue is that 

as solar and wind resources rapidly start and stop generating electricity, other peaker 

resources must be deployed or shut down rapidly to match electrical demand.  For 

instance, in 2020, CAISO predicts that nearly 13,000 MW of peaker generation will need 

to come online over a three hour period in the late afternoon and early evening.  CAISO 

refers to this condition as an “increased ramp”.  Both of these conditions create grid 

management issues that must be addressed in the coming years.   

 

Figure 5.  Re-creation of CAISO’s “duck curve” (Data Source: CAISO (2016a)). 

Some have called for increased construction of natural gas peaker plants to 

address the problem of increased ramp.  However, CAISO has developed an alternative 

plan to maximize what it terms “preferred resources” (CAISO, 2013).  The agency 
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proposed an increased reliance on IDSM programs to shift and reduce electrical 

demand and reshape the load curve to smooth out the ramps of the duck curve.  The 

CPUC also sought to encourage load-shifting programs in 2012 when it classified them 

as a non-generation resource to be included in CAISO’s wholesale electricity market.  

Combined with increased battery storage and EV charging, load shifting programs could 

encourage consumers to alter usage patterns to both absorb overgeneration and 

reduce steep ramps.  SMs will play a key role in maximizing preferred resources by 

enabling widespread expansion and penetration of IDSM programs.   

1.7. IDSM 

 

IDSM programs consist of energy efficiency (EE), energy conservation (EC) and 

DR programs.  I use the term “load reduction” (LR) programs to refer to both EE and EC 

programs.  EE occurs when consumers receive the same service using less electricity 

through replacement of one technology (e.g. refrigerators, light bulbs, home insulation) 

with more efficient technology.  EC involves a consumer forgoing a service to reduce 

energy use.  An example of this would be raising an air conditioner’s thermostat to save 

electricity.  Programs encouraging load shifting are known as DR programs.  Darby et 

al. (2013) note these programs aim to have electric demand respond to available 

generation as opposed to generation following demand as it has historically done.  

California has effectively deployed both types of IDSM programs since the 1970s with 

considerable impact.  Whereas per capita electricity use in the rest of the United States 

has approximately doubled since the 1970s, California’s per capita consumption has 

remained nearly constant in part because of effective IDSM programs. (Cook et al., 

2013; Ettenson and Heavey, 2015).   
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In order to understand the role of SMs to promote the next generation of IDSM 

programs, I review and classify historical residential IDSM programs and highlight future 

programs that SMs will enable.  Previous work has classified IDSM programs as to 

whether they were incentive based or based on TOU rates for DR (Palensky and 

Dietrich, 2011) and by IDSM lever (e.g. rates, education, information, usage feedback) 

(Davito et al., 2010).  These classifications include programs for both residential and 

large commercial and industrial customers.  However, some IDSM programs available 

for large commercial customers are not available for residential customers.  These 

include buyback and demand-bidding programs where large customers bid to reduce 

load during peak demand periods.  Because SMs have the potential for a major 

expansion of IDSM programs into the residential sector, I focus my classification on 

residential IDSM programs.   

Table 5 summarizes historical and future residential IDSM programs.  I utilize 

three criteria to classify these programs.  First, programs have been categorized by the 

method used to impact demand for electricity.  Category I programs are behavior based, 

whereas Category II programs are technology based.  Each of these two categories has 

further been broken into program types by how they affect behavior or utilize 

technology.  The types of behavior-based programs include those Type I programs 

utilizing marketing, education, and outreach (ME&O) and those providing feedback 

and/or cost-signals to affect behavior change (Type II).  Technology-based programs 

are split into those utilizing codes and standards (Type III) and those utilizing 

automation to achieve IDSM results (Type IV).  Recognizing that IDSM programs have 

evolved in complexity and sophistication since their inception in the 1970s, I further 
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breakdown each type by the level of maturity of the program: general; 

focused/personalized; and managed, measured, and predictable.  General programs 

are those designed for the general population with minimal customization for an 

individual.  Focused/personalized programs are more complex focusing on an 

individual’s circumstance or requiring an individual’s engagement to manage demand.  

The managed, measured, and predictable classification includes a suite of integrated 

programs of increasing complexity and coordination utilizing advanced technology to 

achieve measureable and eventually predictable results.  Many of the programs in the 

latter category will be directly enabled by SM deployment.   

The first type of behavior-based IDSM programs are ME&O programs.  These 

are public information and education campaigns on the societal, financial, and/or 

environmental benefits of reducing or shifting electricity use.  ME&O programs seek to 

raise consumer awareness of the need to modify energy consumption, change attitudes 

on energy issues, and ultimately motivate consumers into action (CPUC 2008).  Early 

ME&O programs began in response to the energy crisis of the 1970s and included 

advertising and informational campaigns, school educational campaigns, and inclusion 

of energy savings tips into electric bills.  As ME&O programs developed through the 

1990s and early 2000s, programs with innovative branding, such as California’s Engage 

360⁰ and Flex Your Power campaigns, were introduced.  These programs focused on 

inspiring individual engagement through advertising and internet websites.  California 

made large investments in ME&O programs in the 2000s (e.g. $300 million between 

2006 and 2008), but the programs lacked broad coordination (CPUC, 2006a).  In 2007, 

the CPUC ordered a coordinated approach to ME&O programs focused on engaging 
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customers to adopt IDSM as an overall way of life (CPUC, 2008b).  ME&O strategies for 

current CA programs include integrated marketing and research to target specific 

sectors of consumers and social marketing to create emotional and intellectual drivers 

to motivate behavior change.  I classify these programs as managed, measured, and 

predictable. 

The second type of behavior-based IDSM programs includes those using cost-

signals or feedback with personalized information to motivate customers to reduce or 

shift electricity use.  Unlike the previous ME&O programs, these programs supply 

customer-specific, actionable information consumers can use to modify their behavior.   

Information provided includes feedback on the amount, cost, and environmental impact 

of one’s electricity use, normative comparisons of consumption, and cost signals during 

peak demand events.  General programs of this type focus on load reduction and 

include standard electrical billing combined with tiered electrical rates.  Standard billing 

retrospectively tallies overall electricity use along with its cost over a billing cycle.  

Based on this delayed feedback, consumers can take actions to reduce electricity use.  

Tiered-electrical rates charge consumers progressively higher rates as their usage 

increases, sending cost signals to drive reduced consumption. Focused/personalized 

programs include energy audits instituted by National Energy Act of 1978, which funded 

these voluntary utility surveys of customers’ homes to determine ways to save electricity 

(e.g. weatherizing a home).  Later, limited pilot projects installed non-standard electrical 

meters, stand-alone HEMS, and other devices in residences to provide feedback to 

consumers.  One pilot program in 2004 utilized a device called an Energy Orb to 

provide feedback to drive load shifting (SPIE, 2008).  Using an internet connection, this 
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glass ball would receive instructions from the utility to change colors to signal periods of 

peak load.  It was found to be effective at motivating load shifting.  

With the deployment of SMs, utilities and regulators are instituting a new 

generation of programs to provide feedback and cost-signals to change customer 

consumption of electricity.  These programs are classified as managed, measured, and 

predictable.  Current SME programs in California provide daily use and cost feedback to 

consumers using internet-based presentment tools, HEMS, emails, and text messages.  

Some Californian utility customers can now set monthly electricity budget goals, monitor 

their use on the internet, and receive text alerts on their progress meeting the goals 

along with energy saving tips.  SMs have also enabled new voluntary DR programs 

offering rebates or reduced rates for load shifting during peak demand periods.  In 2019, 

SME TOU pricing will likely be mandatory in California enabling the widespread use of 

cost signals to drive load shifting (SCE, 2016).  
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Table 5.  Categories of existing and future residential IDSM programs in California including load reduction (LR) programs and demand response 

(DR) programs.    

 
IDSM Program 

Categories 
IDSM Program Types by 

Methods 

Maturity Level *   

General Focused/Personalized 
Managed, Measured, and 

Predictable 

Category I:  
Behavior-based 
Programs:  
Programs 
providing 
information and/or 
cost signals to 
motivate 
consumer 
behavior changes 
to achieve 
consumer load 
reduction and load 
shifting.   

Type I:  Marketing, Education, 
and Outreach: Public 
information campaigns about 
the societal costs and benefits 
of reducing and shifting 
electricity use to motivate 
changes in consumer 
consumption patterns.  

 LR & DR: General 
campaigns on benefits 
of  saving electricity or 
shifting load  

 LR: Information on 
electric bills 

 LR: School campaigns 

 LR: Engage 360 

 DR: Flex Your Power 

 LR: Conservation 
messaging including 
climate change 
benefits. 

 LR: Energy Upgrade 
California 

 DR: CA Flex Alerts 

Type II: Customer 
Feedback/Cost Signals- 
Programs providing cost, 
usage, environmental, 
normative, and other feedback 
and cost signals to motivate 
changes in consumer 
consumption patterns. 

 LR: Standard electrical 
bills  

 LR: Tiered electrical 
rates 
 

 LR: Energy Audits 

 LR: Limited feedback pilots 
via installation of non-
standard devices in homes 

 LR: Stand-alone energy 
management systems  

 DR: Signaling of high-use 
periods via non-standard 
devices (e.g. Energy Orbs) 

 LR: SME programs 
including web 
presentment tools and 
alerts to provide real-
time cost, usage, 
impact, and normative 
feedback 

 DR: TOU, critical-
peak, and real-time 
pricing programs 

Category II:  
Technology-
based Programs: 
Programs utilizing 
technology to 
achieve consumer 
load reduction and 
load shifting.   

Type III: Codes and 
Standards/ Design Changes:  
Government standards for new 
home construction and 
appliances and design 
innovations advancing IDSM 
efforts.  

 LR: Appliance EE 
standards 

 LR: Home Insulation 
Standards 

 LR: Incandescent Bulb 
Ban 

 

 LR: EE labeling of 
appliances 

 LR: Appliance rebate 
programs 

 LR: Subsidies of EE devices 
(e.g. compact fluorescent 
light bulb programs) 

 LR: Zero-net energy 
communities and 
homes 

 DR: SME enabled 
appliance use-
restriction programs at 
utility control 

Type IV: Automated IDSM - 
Automation of LR and DR to 
minimize electricity use and 
shift load from peak demand 
periods  

 LR & DR: 
Programmable 
thermostats and pool 
pumps 

 LR: Motion-sensing 
lighting 

 LR & DR: Stand-alone 
energy management 
systems 

 DR: Pool pump programs 

 DR: Limited air conditioning 
restriction programs  

 LR & DR: Integrated 
energy management 
systems 
communicating with 
SMs and smart 
appliances/devices 

* Shaded areas denote SME IDSM programs. 
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Category II, technology-based programs require no change in daily 

consumer behavior to affect electricity consumption.  The first type of these 

programs utilizes codes and standards to drive load reduction and shifting.  

General programs were first instituted by the US federal government in response 

to the energy crisis of the 1970s.  The Energy Conservation and Production Act 

of 1976 initiated programs to weatherize homes.  The Energy Policy and 

Conservation Act of 1975 and the National Appliance Energy Conservation Act of 

1987 resulted in appliance EE standards, and in 2007, the U.S. banned 

incandescent light bulbs in favor of more energy-efficient lighting.  

Focused/personalized programs require individual engagement to utilize energy 

efficient technology.  The Energy Policy Act of 1992 ordered development 

appliance EE rating and labeling.  This led to the development of the Energy Star 

Program that rated appliances, such as refrigerators, on their EE and provided 

operational cost information.  Other utility programs subsidized compact 

fluorescent light bulbs and provided rebates for purchasing energy efficient 

devices to facilitate their public acceptance. 

With the deployment of smart grids, technology-based programs using 

codes and standards have the potential to be managed, measured, and 

predictable.  California has mandated all new residential buildings to be zero net 

energy homes by 2020 (CPUC, 2016c). SMs and other smart grid technologies, 

such as smart appliances, home battery storage, solar photovoltaic panels, and 

HEMS are essential to achieving this goal.  Other local jurisdictions are taking 

this effort further by developing zero net energy communities.  Utility SME direct 
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load control programs are also included in this category as future changes in 

codes and standards could potentially require that communications capabilities 

be included in new smart appliances.  These programs could allow utilities to 

control and cycle customer smart appliances during peak demand events to shift 

load.    

The second type of technology-based ISDM programs are those utilizing 

automation.  General types of automation include programmable thermostats and 

pool pumps and motion-sensing lights.  Focused/personalized programs include 

current utility direct load control programs.  With the installation of non-standard 

devices on customer equipment, utilities can automatically restrict the use of air 

conditioning or pool pumps during critical peak periods in return for rebates or 

other compensation.  Automation has also been achieved through stand-alone 

HEMS programmed by consumers to control heating, cooling, and lighting 

systems to save energy.  With smart grid deployment, networked HEMS 

integrated with SMs, utility networks, and smart appliances hold promise to 

produce managed, measured, and predictable programs.  Networked HEMS can 

receive cost signals from utilities and automate the reduction and shifting of 

electrical demand.  They also can enable consumers to remotely control smart 

appliances for both EE and functional advantages.   

1.8. Life Cycle Assessment and Smart Grid 

 

Until recently, the use of LCA to assess electric power systems outside of 

electrical generation has been limited, but increasingly, LCA is being utilized to 

characterize the environmental impacts of non-generation components of the 
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electrical system as well as smart grid components.  Bumby et al. (2010) 

conducted a comparative, attributional LCA (ALCA) of overhead versus 

underground electric distribution systems.  They concluded overhead facilities 

were environmentally preferable though they did not examine the impacts of line 

losses due to conductor heating during use phase.  Jones and McManus (2010) 

conducted a similar study and reached the same conclusion, but they also 

characterized the impacts of use phase line losses finding they dominated overall 

LCA impacts.  The importance of electricity consumed either directly or through 

losses on life cycle impacts of power system components has been highlighted in 

other LCAs.  Jorge et al. (2012) conducted studies on transmission and 

distribution lines and on power transformers and electrical substations.  They 

reported line losses dominated impacts, creating 96% of GHG impacts for 

transformers and substation equipment and 99% for power lines and cables.  

Jorge and Hertwich (2013) also reported that line losses created half of the GHG 

impacts from Norwegian power transmission.  They conducted a sensitivity 

analysis substituting the Norwegian grid mix, which predominantly consists of 

hydroelectric generation, with the Nordic mix and European mix.  The percentage 

of impacts due to power losses increased to 84% and 94% respectively because 

these alternate grid mixes are much more GHG intensive.  

With the recent development and large-scale deployment of smart grid, 

scientists are beginning to publish LCAs on smart grid components.  Jorge and 

Hertwich (2016) recognized the benefits of renewable generation sources are 

often cited without consideration of impacts created by necessary grid 
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infrastructure expansion supporting the new generation (i.e. new transmission 

lines).  They characterized the life cycle impacts from the grid infrastructure 

expansion required to accommodate the forecasted increase in renewable 

generation in Europe between 2012 and 2020.  They reported an overall impact 

of 10.7 Mton CO2eq from the 45,300 km of new or upgraded lines to support a 

forecasted increase of 216 GW.   Aleksic and Mujan (2016) published an exergy-

based LCA of a SM finding that production phase created 61% of the meter’s 

impact, while use phase electricity consumption produced the second largest 

percentage of impacts (32%).  They noted that, while SMs may improve utilities’ 

customer service and advance EE, their deployment will create significant 

environmental impacts.  However, the authors did not explore how these impacts 

could be offset.  Van Dam et al. (2013) sought to characterize the overall life 

cycle impacts of HEMS factoring in potential EC achieved through the provision 

of feedback.  They conducted ALCAs of three HEMS finding use phase power 

consumption created the greatest impacts for each device.  They then developed 

several potential conservation scenarios based on field trials.  The researchers 

concluded all HEMS under study could theoretically result in impact reduction 

with substantial EC, but they cautioned that it is unknown whether conservation 

will be actualized during long-term use of HEMS.   

1.9. Attributional LCA, Consequential LCA and SMs 

  

To date, the LCA literature on smart grid and electrical power systems has 

been predominantly focused on ALCA with the exception of van Dam et al. 

(2013), who began to explore the possible consequences of EC enabled by 
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HEMS.  ALCA inventories physical flows across the life cycle of a product or 

service and characterizes the emissions and average impacts at a given point in 

time (Earles and Halog, 2011; Rajagopal and Zilberman, 2013).  ISO 14040 and 

14044 provide clear standards for the methodology and use of ALCA.  However, 

some have questioned whether ALCA’s simplified accounting of impacts from 

static processes and product flows misleads policy makers considering climate-

change mitigation policies (Plevin et al., 2014; Rajagopal and Zilberman, 2013).  

They instead argue that consequential LCA (CLCA) is a more appropriate tool to 

inform policy decisions.  

 CLCA uses system boundary expansion to assess the indirect emissions 

and impacts related to the life cycle of a product or process.  Rather than focus 

on static, average flows, CLCA considers the environmental impact of marginal 

changes in flows and changes in output of a functional unit due to policy 

decisions (Curran et al., 2005; Earles and Halog, 2011; Plevin et al., 2014; 

Rajagopal, 2013; Thomassen et al., 2008).  Assessments of biofuels provides a 

clear example of the contrast between ALCA and CLCA.  ALCAs of biofuels 

focus on impacts from production and use of biofuels and generally report lower 

GHG impacts compared with fossil fuels (Rajagopal, 2013).  CLCA considers 

impacts from the consequences of increased biofuel production and consumption 

fueled by policy decisions.  These include increased competition for farmland to 

grow biofuel in place of food crops, increased prices for corn, and demand 

decreases for fossil fuels (Rajagopal, 2013).  When these consequences are 
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assessed, CLCAs report greater impacts from increased biofuel consumption 

compared with fossil fuels. 

 In considering climate change mitigation strategies, it is important for 

policy makers to consider real-world, dynamic scenarios that could result from 

their decisions, and because of that, CLCA offers a stronger methodology for 

assessing policy options (Plevin et al., 2014; Rajagopal and Zilberman, 2013).  

However, unlike ALCA, guidelines for the use of CLCA do not exist (Rajagopal 

and Zilberman, 2013), but Weidema et al. (1999) proposed a step-wise approach 

to assess whether CLCA or ALCA is the appropriate tool when conducting LCAs 

(Earles and Halog, 2011).  This approach helps to assess the appropriate 

modeling methods for this research.  

 The first consideration of this approach involves study timeline.  ALCA is 

recommended for short-term studies while CLCA is appropriate for long-term 

studies.  As the life cycle of the SM under study for this research is 20 years, 

CLCA is recommended.  The next consideration involves identifying whether the 

life cycle under study affects specific, foreground processes, or background 

processes.  Foreground processes are directly related to a product life cycle (e.g. 

mining for production materials) and are best modeled with ALCA.  Background 

processes indirectly related to a product’s life cycle should be modeled using 

CLCA.  An example would be market forces affected by changes in production of 

a product.  For instance, if increased product production significantly affects 

demand for product materials (e.g. steel), impacts from changes in demand for 
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those materials should be modeled with CLCA.  Wiedema et al. (1999) refer to 

the materials subject to changes in market forces as the “affected” technology.   

For this research, it is unlikely increased SM production will significantly 

affect the supply of or demand for materials used in its production.  The materials 

and components of SMs are common and similar to those in electronic devices 

purchased en masse around the world (e.g. plastic, copper, steel, silicon 

microchips).  The number of SMs deployed on Californian homes is likely 

dwarfed by the number of consumer electronic devices purchased annually by 

their residents.  As such, changes in demand for SM materials due to increased 

meter production are presumably de minimis, so these materials are not the 

affected technologies.  However, SME IDSM programs are intended to affect 

consumer demand for electricity.  As such, I classify electricity used by 

consumers (but not used in meter operation) as the affected technology.  

Following guidance from Wiedema et al. (1999), CLCA would therefore be the 

appropriate tool to assess the impacts of SM deployment including changes in 

consumer consumption of electricity.   

The remaining criteria from Weidema et al. (1999) all indicate that CLCA 

should be used to assess the SM’s life cycle.  They recommend use of CLCA for 

an affected technology that has an increasing market trend; has the ability for 

increased production capacity; and is the most preferred technology.  Overall 

residential electricity consumption is increasing despite efforts to drive 

conservation.  There is certainly the capacity for increased electricity production, 
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and electricity continues to be the preferred source of energy for most residential 

functions.  

While CLCA is recommended to adequately assess the impacts of the 

SM’s life cycle, use of typical CLCA methods would yield findings of limited 

interest.  CLCA methods utilize economic models, such as general or partial 

equilibrium models, to assess consequential impacts of a product’s life cycle 

(Rajagopal, 2016).  While SME IDSM program will utilize feedback with cost 

signals as one method to drive conservation, use of pecuniary strategies has 

been found to be ineffective at driving consumer EC due to the relative 

affordability of electricity (Delmas et al., 2013).  Because of electricity’s 

inelasticity at its current pricing, use of cost-signals to drive conservation does 

not create the required shock for CLCA to yield significant results.  Other 

information strategies, such as providing feedback on the environmental impact 

of electricity use, providing normative feedback, and using personal goal setting, 

have been found to be effective at motivating behavior changes (Abrahamse et 

al., 2005; Darby, 2006; Delmas et al., 2013; Ehrhardt-Martinez et al., 2010; 

Fischer, 2008; Neenan et al., 2009).  However, economic modeling cannot 

characterize the effects of using these non-economic motivators or the effects of 

IDSM automation. 

While effects of using non-economic motivators cannot be easily modeled 

or predicted, there is a large body of literature on the use of information 

strategies to drive EC.  Additionally, results from SME LR and DR programs in 

California provide an opportunity to assess actual environmental benefits from 
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SM deployment.  In this research, we will utilize these data and literature results 

to develop scenarios to assess the consequences of the deployment of SMs in 

California.  

1.10. Outline of Research 

 

This introduction explores the role of SMs to expand IDSM programs to 

better manage electrical grids and address global climate change.  Because of 

the latter objective, SMs have been promoted by utilities and regulators as a 

green technology.  However, to date, there has not been a thorough assessment 

of the potential environmental benefits of SM deployment.  In this research, I 

characterize the potential benefits of SM deployment in California using LCA and 

establish methods for utilities and regulatory across the nation and the world to 

utilize when considering deployment of smart grid technologies.   

My hypothesis is as follows:  The utilization of smart electrical meters in 

place of conventional electromechanical meters has the potential to result in 

significant environmental benefits due to the consumer load reduction and load 

shifting programs enabled by the meters. To test this hypothesis, I conduct a 

comparative, attributional LCA of the impacts of conventional electromechanical 

meters and SMs in Chapter 2.  This research seeks to answer the simple 

question of which meter will create higher life cycle impacts.  I inventory the 

materials, energy, and other resource flows resulting from the manufacture, use, 

and disposal of a CM and a SM to determine the lifetime environmental impacts 

of each device.  The findings of this paper set the baseline for comparing the 
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impacts and benefits of the consequences of SM deployment compared with 

continued utilization of CMs.   

In Chapter 3, I explore the potential environmental benefits of SME LR 

programs.  I review the literature on information strategies and electricity 

conservation to develop scenarios to analyze potential benefits of SME load 

reduction programs.  I also investigate benefits from California’s existing SME LR 

programs. 

Chapter 4 assesses potential environmental impacts and benefits of SME 

DR programs.  Two questions are explored.  First, do SME DR programs result in 

overall reductions in energy consumption in addition to shifting electricity use?  

Second, do these programs shift electricity use from periods where electrical 

generation has higher GHG emissions intensity to periods with lower intensity or 

vice versa, and what are the impacts or benefits of doing so?  Results from 

California’s SME DR programs are investigated to answer the first question.  I 

then combine early results from California’s SME DR programs and hourly 

generation source data to analyze the environmental impacts and/or benefits of 

load shifting for existing programs and for future scenarios.    

In the final chapter, conclusions, policy implications, and areas for future 

work are presented.  
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CHAPTER TWO 

 

A Comparative Life Cycle Assessment of Conventional Electromechanical 

and Smart Electric Meters at a Californian Electric Utility 

2.1. Introduction  

 

 Electric utilities across the United States and around the world are 

developing electric “smart grids” that will transform how utilities manage their 

power systems and how consumers manage their electricity use.  The European 

Commission Task Force on Smart Grids offered a useful definition of smart grid 

as “an electricity network that can cost-efficiently integrate the behaviour and 

actions of all users connected to it – generators, consumers, and those who do 

both in order to ensure an economically efficient, sustainable power system with 

low losses and high levels of quality and security of supply and safety” (ECT, 

2010). These grid improvements are driven by the need to improve system 

reliability, reduce costs, and reduce environmental impacts from electricity use to 

combat climate change.   

Achieving these benefits requires existing utility meters to be replaced with 

advanced electronic meters, known as smart meters (SMs).  The SM is the 

cornerstone of the smart grid.  It is the portal through which utilities can 

instantaneously and continuously interact with consumers and their devices.  The 

meter allows the passage of real-time data and information between utilities and 

their customers.  This functionality will in turn enable a number of smart 
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technologies and integrated demand side management (IDSM) programs to help 

utilities, grid managers, and consumers effectively manage electricity generation, 

distribution, and consumption.   

 Meters previously used by electric utilities, which I refer to as conventional 

meters (CMs), utilize an electromechanical motor to track electricity use and 

must be visually read by utility meter readers.  SMs utilize electronic monitoring 

of electricity consumption and include radio frequency (RF) antennas for wireless 

communication.  One antenna transmits customer usage data to and receives 

commands and information from the utility.  A second RF antenna can 

communicate with smart appliances and home energy management systems 

(HEMS) inside a consumer’s home. 

The value of replacing CMs with electronic SMs has been justified by a 

wide range of expected benefits (CPUC, 2016a, 2008c; SCE, 2010).   There are 

employee and public safety benefits from reduced automobile traffic since the 

SM does not require utility meter reading personnel to manually read and record 

customer usage.  Elimination of meter reading reduces vehicle miles and 

associated greenhouse gas (GHG) emissions. There are reliability benefits from 

the electronic detection of system faults and timely dispatch of utility crews to 

restore electrical service.  SMs will enable new IDSM programs to encourage 

energy conservation (EC) using information strategies, such as providing cost or 

use feedback or through automation.  Smart meter-enabled (SME) demand 

response (DR) programs will aim to reduce or shift peak load using cost-signals 

and automation, which could forestall construction of new generation stations 
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and power lines.  Both types of SME IDSM programs are expected to bring both 

operational and environmental benefits.    

Despite its many expected benefits, SM deployment requires a substantial 

financial and environmental investment.  For instance, in California, the three 

largest investor-owned utilities (IOUs) were authorized by the state’s public 

utilities commission to spend a total of $3.9 billion to deploy SMs (CPUC, 2008a, 

2007, 2006b).  Production of millions of new SMs for deployment in the state 

certainly created significant environmental impacts as well as a new stream of 

electronic waste that must be handled at the end of the meters’ life.  Additionally, 

the large scale replacement of CMs necessitated the disposition of millions of 

electromechanical meters with years, if not decades, of remaining useful life.   

Life cycle assessment (LCA) provides a tool to systematically quantify the 

environmental costs and benefits of smart grid initiatives.  Yet until recently, the 

use of LCA to assess electric power system and smart grid components outside 

of electrical generation has been relatively limited.  LCAs on transmission lines, 

power transformers, and electrical substation equipment have found that 

electrical losses during use phase create the greatest amount of life cycle 

impacts for each of these system components (Jones and McManus 2011, Jorge 

et al. 2012, and Jorge and Hertwich 2013).  Jorge and Hertwich (2014) 

recognized the benefits of renewable generation sources are often cited without 

consideration of the impacts from the necessary grid infrastructure expansion to 

connect them to the grid (e.g. new transmission lines).  They characterized the 

life cycle impacts from the infrastructure expansion required to accommodate a 
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forecasted increase in renewable generation of 216 GW in Europe between 2012 

and 2020.  Aleksic and Mujan (2016) conducted an exergy-based LCA of SMs 

finding that production phase created 61% of the meter’s life cycle impacts, while 

use phase electricity consumption produced the second largest percentage 

(32%).  They noted that, while SMs hold promise to improve customer service for 

utility customers and provide advances in energy efficiency, their deployment will 

create significant environmental impacts.  However, the authors did not explore 

how these impacts could be offset. 

In this research, a comparative, attributional LCA (ALCA) of a smart 

electric meter and a conventional electric meter is conducted.  California has 

been a leader in smart grid development and offers a unique opportunity to study 

SM impacts because SM deployment by the state’s largest IOUs was completed 

in 2012 (CPUC, 2013).  This enables the study of the environmental impacts 

from production, use, and disposition of SMs and CMs at a Californian utility.  

The impacts and benefits of SM deployment consequences, such as those from 

new SME IDSM programs, are worthy of investigation; however, the scope of this 

LCA is limited to direct impacts of meter production, use, and disposal.  

Consequential impacts of SM deployment are considered in later chapters.   

2.2. Methods  

2.2.1. Scope, Functional Unit, and System Boundary 

 

This study focuses on CM and SM use at a residence in the territory of an 

electric utility in California.  Between 2009 and 2012, the utility replaced the CMs 

of approximately 4.5 million residential customers with SMs.  The functional unit 
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for this research is a single residential meter operating in California for one year 

during SM deployment.  Prior to their replacement, many models of 

electromechanical meters were deployed in the utility’s service territory.  The CM 

model chosen for this study is the standard electromechanical model deployed 

by the utility immediately prior to SM deployment.  The SM selected for this study 

is the model deployed in approximately 80% of residences in the utility’s service 

territory.   

This study focuses on life cycle impacts of both meters from cradle to 

cradle.  As such, the system boundaries of the study include extraction of raw 

materials, material purification, manufacturing processes, meter use, and end of 

life disposition (Figure 6).  The process flows for a CM and a SM are shown in 

Figure 7 and Figure 8 respectively. The flows are similar with the exception of 

differing materials used during production phases and the lack of meter reading 

during the SM’s use phase.  

 

Figure 6. The three stages of the SM and CM life cycles. 
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Figure 7. Process flow diagram for the CM. 

 

Figure 8. Process flow diagram for the SM.  

 

2.2.2. Data Collection 

 

All data utilized for this LCA are shown in Table 6.  The SM manufacturer 

supplied data on meter production materials and manufacturing process (e.g. 

energy use during the meter assembly).  Additional data on the circuit board 

were obtained by disassembling a sample meter and inventorying the electronic 

components.  Efforts to secure cooperation of the manufacturer of the CM were 
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unsuccessful, so production material data were gathered by disassembling a 

sample CM and weighing its components.  Data on electricity used during the 

assembly of the CM were not available and are assumed to be the same as 

those of the SM.  Data on distance driven to deliver both meters to California 

were calculated based on distance to the SM assembly facility in South Carolina 

and the CM facility in Mexico.  Data on nominal meter lifetimes were obtained 

from the manufacturer for the SM and from the utility meter servicing organization 

for the CM.  Data on meter replacements due to malfunction were not available 

and are not considered for this research.   

 The use phase of the CM includes energy consumption to operate the 

meter and vehicle miles driven for meter deployment and manual meter reading 

activities.  The utility’s meter servicing organization provided CM electricity 

consumption data.  Vehicle miles traveled to install both meters were estimated 

by calculating the distance from equipment distribution facilities to the centroid of 

customer location.  To determine the average miles driven per year per meter for 

meter reading and maintenance activities of the CM, total electric and gas-

powered vehicles miles driven by the utility’s meter reading organization in 2008 

(the last year prior to SM deployment) were obtained through vehicle 

maintenance records.  The total vehicle miles were then divided by the total 

number of residential and commercial accounts to yield miles driven per meter 

per year.   
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Table 6. LCA data for CM and SM.  

Item Conventional 
Meter 

Smart 
Meter 

Meter Lifetime 15 years 20 years 

Total Meter Weight 1.65 kg 989.6 g 

Insulated Copper Wire 54.7 g 2.6 g 

Aluminum 340.8 g 0.3 g 

Steel 265.4 g 87.5 g 

Glass 744.3 g 8.7 g 

Plastic  245.4 g 611.5 g 

Brass 2.0 g --- 

Rubber 0.3 g --- 

Circuit Board (major materials – silicon, copper, 

plastic, lead solder) 

--- 95.7 g 

Lithium Battery --- 9.4 g 

Other  --- 3 g 

Copper --- 171.0 g 

Transportation Distance from Factory 1,553 miles 2,299 miles 

Production Electricity Use 5.9 MJ * 5.9 MJ 

Use Phase Electricity Use 31.5 MJ/year 56.8 MJ/year 

Miles Driven for Reading and/or Maintenance 

(Gasoline Vehicle) 

1.76 miles/year 0.07 miles/year** 

Miles Driven for Meter Reading and/or 

Maintenance (EV) 

0.54 miles/year 0.02 miles/year** 

 

  

* Data on CM production electricity use were not available.  This value is assumed to be the same as the 
SM and a sensitivity check is conducted on the impact of this parameter.         

** Data on miles driven for SM maintenance were not available.  Estimate is derived with the assumption 
of one visit every two years for maintenance/repair.    

 

The SM’s use phase includes electricity consumption to operate the meter 

and miles driven for deployment and maintenance of SMs.  Data on meter 

maintenance vehicle miles for the SM were not available, so miles driven for SM 
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maintenance are estimated.  A conservative assumption is made that SMs are 

serviced and maintained once every two years.  Assuming CMs were visited 24 

times in 2 years for monthly meter reading and once every two years for 

maintenance, miles driven for SMs are estimated to be 1/25 of the meter reading 

and maintenance miles for CMs.  Energy consumption data for operation of the 

SM were provided by the manufacturer.   

 Both meters are assumed to be recycled at the end of life phase as is the 

utility’s current process.  Meter material data from the production phase are 

utilized to determine recycling credits for the two meters.   

2.2.3. Inventory Analysis and Impact Assessment 
 

The GaBi 6.0 LCA software is used for data management, inventory 

analysis, and impact assessment.  Data on the production, use, and end of life 

phases were entered into GaBi 6.0 models of the life cycles of the CM and SM.  

The software contains data sets developed from LCA literature on the impacts of 

production materials, such as steel or plastic, and of energy sources, such as 

electricity.  GaBi 6.0 allows the use of customized electrical grid mixes or 

standard regional American and international grid mixes based on regional 

generation source data.  GaBi 6.0 grid mixes for the regions in which the meters 

were produced are utilized in modeling production electrical consumption.  A 

customized grid mix based on the 2011 annual power content filing of the utility 

under study is used to model electricity consumption during the meters use 

phase.   
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The GaBi 6.0 software calculates material, energy, and waste flows based 

on the data sets and model parameters.  Inventories tracked for this study 

include energy flows, resource depletion, and outputs of CO2, O3, and other 

compounds.  From these flows, environmental impacts are assessed.  The 

United States Environmental Protection Agency’s Tool for the Reduction and 

Assessment of Chemical and other environmental Impacts 2.1 (TRACI 2.1) are 

utilized to convert the inventory of flows to environmental impacts.  

Socioeconomic impacts are also not addressed.  Though concerns have been 

raised about RF exposure from wireless signals created by SMs, potential RF 

impacts are not considered because RF signals from SMs have been shown to 

comply with existing RF health standards by wide margins (Tell et al., 2012; 

Vergano, 2011).  

2.2.4. Sensitivity Analysis  
 

To address uncertainty in the data utilized in this study, several parameter 

variations are introduced into the GaBi 6.0 model for the purposes of conducting 

a sensitivity analysis (Table 7).  Each parameter is varied, and the results are 

examined to determine the significance of each parameter on the model results.  

Minimum and maximum values are developed for each parameter to determine 

the range of impacts for both meters.  
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Table 7. Baseline values of model parameters with ranges used in sensitivity analysis for CM and 

SM. 

Parameter Baseline Value Range Unit 

CM Lifetime 15 10-50 years 

SM Lifetime 20 10-30 years 

CM Electricity Consumption – Use 31.5 28.4 – 34.7 MJ/year   

SM Electricity Consumption – Use 56.8 51.1-62.5 MJ/year   

CM Miles Driven for Reading and/or 

Maintenance (Gas) 

1.76 1.6-1.9 Miles/year 

CM Miles Driven for Meter Reading 

and/or Maintenance (EV) 

0.54 0.49-0.59 Miles/year 

 

The parameters with the greatest amount of uncertainty in this LCA are 

the lifetimes of both meters.  Though nominal lifetimes were provided by the 

meter manufacturer for the SM and by the utility’s meter services organization for 

the CMs, actual deployment time for an individual meter are expected to vary 

widely.  Based on conversations with the utility personnel, many CMs remained 

deployed much longer, often decades, than their nominal lifetimes.  Though the 

SM lifetime is rated as 20 years, electronic products tend to become dated after a 

few years, so it is not unreasonable to hypothesize that SM could be replaced 

before the end of their nominal lifetime.  As such, CM lifetime is varied between 

10-50 years, and SM lifetime is varied between 10-30 years.  Because data were 

unavailable, electricity use in the production of the CM is simply assumed to be 

the same as that used in SM production.  However, a sensitivity check found the 

impacts of this parameter contributes on 1.42% of the total global warming 

potential (GWP) of the CM.  Therefore, even varying this parameter by +/- 50% 
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does not significantly impact the LCA results, so it is not included in the 

sensitivity analysis.   

No data on the variability of electricity consumption by both the CM and 

SM during use phase were available.  Electricity use by each meter is varied by 

+/- 10% to account for potential variability in meter electricity consumption.  

Though data on meter reading and maintenance miles are derived from the 

utility’s meter reading vehicle odometer readings, it is likely that these miles could 

include those driven for non-meter reading activities, such as lunch breaks.  To 

account for this, meter reading miles for gas and electric vehicles are varied by 

+/-10%.  Because a sensitivity check found SM maintenance miles have a 

minimal impact on LCA results, this parameter is not included in the sensitivity 

analysis.  

2.3. Results  
 

 GaBi 6.0 is used to calculate indicators for a range of impact categories 

including GWP, acidification potential (APAir and APwater), eutrophication potential 

(EPAir and EPWater), ozone depletion potential (ODP), and photochemical ozone 

creation potential (POCP).  Table 8 contains indicator results for both meters for 

baseline scenarios along with best and worst case scenarios (defined as 

scenarios with the least and greatest impacts from varying parameters as 

discussed above).  Results normalized to CM impacts are shown in Figure 9.   
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Table 8. Life cycle impact assessment (TRACI 2.1) results for baseline, best case, and worst case scenarios for CM and SM.    

 Conventional Meter Smart Meter 

Impact Category Baseline Best Worst Baseline Best Worst 

GWP (kg CO2eq) 5.60 4.89 6.25 7.98 6.97 9.62 

AP Air (kg SO2eq) 0.017 0.014 0.019 0.027 0.022 0.035 

AP Water (kg SO2eq) 2.53 x 10-6 1.42 x 10-6 3.35 x 10-6 6.34 x 10-5 4.24 x 10-5 1.26 x 10-4 

EP Air (kg Neq) 6.95 x 10-4 5.59 x 10-4 8.07 x 10-4 1.12 x 10-3 9.17 x 10-4 1.58 x 10-3 

EP Water (kg Neq) 1.88 x 10-4 1.66 x 10-4 2.08 x 10-4 2.27 x 10-4 1.8 x 10-4 3.44 x 10-4 

ODP (kg CFC-11eq) 9.58 x 10-7 8.43 x 10-7 1.07 x 10-6 1.66 x 10-6 1.49 x 10-6 1.83 x 10-6 

POCP (kg O3eq) 0.29 0.25 0.32 0.41 0.35 0.52 
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Figure 9. Normalized life cycle impact assessment results for baseline, best case, and worst case for CM and SM.  
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Table 9. Contribution analysis for baseline scenario (TRACI 2.1) for the CM. 

  

Conventional Meter 

 

Production Phase 

 

Use Phase 

 

End of Life 
Phase 

Impact 
Category 

Total 
Production 

Largest 
Contributor 

Second 
Largest 

Contributor 

 

Other  
Production 

 

Total Use 
Phase 

 

Electricity 
Consumption 

Meter 
Reading 

 

Other Use Total End 
of Life 

GWP 
(kg CO2eq) 

0.53 0.24 
(Al) 

0.086 
(Steel) 

0.20 5.25 3.88 1.35 0.025 -0.18 

AP Air (kg 
SO2eq) 

2.88 x 10-3 1.19 x 10-3 

(Al) 
7.95 x 10-4 

(Electricity) 
9.00 x 10-4 1.48 x 10-2 1.12 x 10-2 3.61 x 10-3 6.71 x 10-5 -7.17 x 10-4 

AP Water 
(kg SO2eq) 

4.20 x 10-6 3.32 x 10-6 

(Steel) 

6.91 x 10-7 

(Al) 
1.95 x 10-7 1.05 x 10-6 3.23 x 10-7 7.15 x 10-7 1.35 x 10-8 -2.72 x 10-6 

EP Air 
(kg Neq) 

1.35  x 10-4 7.97 x 10-5 

(Plastic) 
2.34 x 10-5 

(Al) 
3.23 x 10-5 5.72 x 10-4 4.02 x 10-4 1.67 x 10-4 3.12 x 10-6 -1.27 x 10-5 

EP Water 
(kg Neq) 

1.53 x 10-5 5.33 x 10-6 

(Al) 
2.28 x 10-6 

(Diesel) 
7.71 x 10-6 1.75 x 10-4 6.55 x 10-5 1.08 x 10-4 2.03 x 10-6 -2.28 x 10-6 

ODP 
(kg CFC-11 

eq) 

3.41 x 10-8 3.45 x 10-8 

(Glass) 
7.17 x 10-10 

(Steel) 
2.47 x 10-10 9.23 x 10-7 9.17 x 10-7 6.15 x 10-9 5.55 x 10-9 -8.94 x 10-10 

POCP 
(kg O3eq) 

2.94 x 10-2 4.71 x 10-3 

(Electricity) 
4.28 x 10-3 

(Transport) 
2.04 x 10-2 0.26 0.18 0.077 0.0014 -5.63 x 10-3 
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Table 10. Contribution analysis for baseline scenario (TRACI 2.1) for the SM. 

  
Smart Meter 

 
Production Phase 

 
Use Phase 

 
End of Life 

Phase 

Impact 
Category 

Total 
Production 

Largest 
Contributor 

Second 
Largest 

Contributor 

 
Other  

Production 

 
Total Use 

Phase 
 

Electricity 
Consumption 

Meter 
Maintenance 

 
 

Other Use 
Total End 

of Life 

GWP 
(kg CO2eq) 

1.077 
0.78 

(Circuit Board) 
0.090 

(Plastic) 
0.21 7.07 7.00 4.61 x 10-2 1.88 x 10-2 -0.16 

AP Air 
(kg SO2eq) 

7.16 x 10-3 
5.05 x 10-3 

(Circuit Board) 
1.14 x 10-3 

(Other) 
9.69 x 10-4 2.03 x 10-2 2.01 x 10-2 1.24 x 10-4 5.04 x 10-5 -8.82 x 10-4 

AP Water 
(kg SO2eq) 

6.74  x 10-5 
6.61 x 10-5 

(Circuit Board) 

8.20 x 10-7 

(Steel) 
5.10 x 10-7 6.14 x 10-7 5.82 x 10-7 2.26 x 10-8 1.02 x 10-8 -4.59 x 10-6 

EP Air 
(kg Neq) 

4.11  x 10-4 
2.38 x 10-4 

(Circuit Board) 
1.49 x 10-4 

(Plastic) 
2.42 x 10-5 7.34 x 10-4 7.26 x 10-4 5.63 x 10-6 2.37 x 10-6 -2.60 x 10-5 

EP Water 
(kg Neq) 

1.13  x 10-4 
9.39 x 10-5 

(Circuit Board) 
5.53 x 10-6 

(Other) 
1.31 x 10-5 1.23 x 10-4 1.18 x 10-4 3.41 x 10-6 1.49 x 10-6 -8.60 x 10-6 

ODP 
(kg CFC-11 eq) 

5.07 x 10-9 
3.88 x 10-9 

(Lithium Ion 
Battery) 

7.26 x 10-10 

(Other) 
4.68 x 10-10 1.65 x 10-6 1.65 x 10-6 1.20 x 10-9 2.03 x 10-10 -2.51 x 10-10 

POCP 
(kg O3eq) 

8.39 x 10-2 
6.92 x 10-2 

(Circuit Board) 
3.73 x 10-3 

(Plastic) 
1.10 x 10-2 0.34 0.33 2.58 x 10-3 1.10 x 10-3 -8.58 x 10-3 
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This study finds higher life cycle impacts for the SM compared to CMs for 

all impact categories investigated.  For example, baseline scenario GWP impacts 

are 7.98 kg CO2eq for the SM and 5.60 kg CO2eq for the CM, and ODP impacts 

are 1.66 x 10-6 and 9.58 x 10-7 kg CFC-11eq for the SM and CM respectively.  

For all impacts categories except EPwater, the worst case results of the CM are 

less than the best case for the SM.   

Contribution analyses demonstrate use phase produces the greatest 

impacts for all categories studied except APWater for both meters (Table 9 and 

Table 10).  The use phase for the CM accounts for 82.4% to 96.3% of overall life 

cycle impacts (including recycling credits) for these impact categories.  For the 

SM, the range is 54.2% to 99.7%.   For example, of the 7.98 kg CO2eq of annual 

GWP impacts about 7.0 kg CO2eq (88.5%) are due to the use phase of the SM.  

The CM produces about 93.7% of its greenhouse gases (5.25 kg CO2eq) during 

use phase.   Electricity used to operate both meters is the source of most of the 

use phase impacts and drives the overall life cycle impact results for most impact 

categories except APWater and EPWater.  SM electricity use results in 52.0% to 

99.6% of the life cycle impacts for these categories versus 57.9% to 95.7% for 

the CM. SM electricity use creates 87.7% (7.0 kg CO2eq) of annual GHG 

emissions.  The percentage of GWP impacts from electricity use is lower for CMs 

(69.3% or 3.88 kg CO2eq) because meter reading activities are also responsible 

for a significant percentage of the annual life cycle impacts (24.0% or 1.346 kg 

CO2eq).  For the APAir, EPAir, EPWater, and POCP categories, meter reading 
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results in 21.2% to 57.2% of CM annual life cycle impacts.  SM maintenance 

impacts are minimal (e.g. 0.6% of annual life cycle GWP impacts).      

SM production phase impacts are greater than CM production impacts for 

all categories investigated except ODP.  SM production creates annual GWP 

impacts of 1.08 kg CO2eq versus 0.53 kg CO2eq for the CM.  The SM’s electronic 

components drive the production impacts accounting for 0.78 kg CO2eq of the 

annual production GWP impacts of 1.08 kg CO2eq (72.2%).  Impacts from 

aluminum components are the largest of the CM production phase impacts for a 

number of categories.  For example, aluminum impacts are 0.24 kg CO2eq of the 

overall production GWP impacts of 0.53 kg CO2eq (46.2%).  Glass production is 

the dominant source of CM production ODP impacts, and steel is the dominant 

producer of APWater production impacts.   

End of life recycling benefits are relatively small compared with overall life 

cycle impacts from both meters primarily because the use phase dominates 

impacts for both meters with the exception of APWater impacts.  End of life benefits 

for the recycling of the CM range from under 1.2% to 4.3% of annual life cycle 

impacts in the categories of GWP, APAir, EPAir, EPWater, and PCOP.  ODP 

benefits are lower (0.1% of life cycle impacts), and APWater is higher (107.5%).  

When compared with production impacts, recycling benefits are notable for the 

CM.  For example, a GWP recycling credit of 0.179 kg CO2eq is about 33.9% of 

the total production GWP impacts of 0.528 kg CO2eq.  Benefits from SM end of 

life recycling range from below 2% to 7.3% of annual life cycle impacts for most 

impact categories except ODP, which is 0.1%.  End of life credits are between 5 
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and 15% of SM production impacts.  For example, an end of life GWP recycling 

credit of 0.16 kg CO2eq offsets about 14.9% of the SM production annual GWP 

impacts (1.08 kg CO2eq).   

2.4. Discussion 
 

I find that the SM has a larger footprint relative to the CM for each of the 

seven different environmental burdens investigated (See Figure 9). Secondly, I 

find that use phase dominates the production and end-of-life phases for both 

meters driven primarily by electricity used to operate the meters (See Table 9 

and Table 10).  And lastly, I find that the elimination of manual meter reading 

provides some environmental benefits but not enough to offset increased impacts 

from SM deployment.   

Overall, the electricity used for meter operation creates the greatest 

contribution to annual life cycle impacts for both the CM and SM.  The SM 

requires 80% more electricity for its operation than the CM (56.8 MJ/year versus 

31.5 MJ/year), and this is the primary reason why annual SM impacts are greater 

than those of the CM.  This finding parallels results of a recent LCA of HEMS, 

devices designed to help consumers manage and reduce their electricity use 

(Van Dam et al., 2013).  That study reported power used to operate the HEMS 

created the largest share of annual life cycle impacts.  Results from my study 

also parallel the findings from other LCAs that use phase line losses create the 

greatest life cycle impacts from components of the electrical system, such as 

transmission lines (Jones and McManus, 2010; Jorge et al., 2012; Jorge and 

Hertwich, 2013).  
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However, in the only published LCA of SMs, Aleksic and Mujan (2016) 

reported meter production impacts were twice as great as use phase impacts.  

This finding is significantly different from my results.  The authors noted that data 

on the electricity use by the meter had to be estimated due to lack of access to 

the data.  For this study, SM use phase electricity consumption was provided by 

the manufacturer from their design and testing data.  It is possible that Aleksic 

and Mujan’s approximation could be the source of this difference.  

 A secondary contributor to higher SM life cycle impacts are production 

impacts.  The SM has additional functionality that requires electronics and 

telecommunications capabilities absent in the CMs.  Production of electronics is 

known to create significant environmental impacts (Choi et al., 2006; Duan et al., 

2009).  Therefore, it is not surprising that higher SM production impacts are 

driven primarily by the production of its circuit boards and microchips.       

The increased SM impacts are offset slightly by the elimination of monthly 

meter reading trips.  Meter reading and maintenance activities create 24% (1.35 

kg CO2eq) of the CM’s overall annual GWP impacts.  This is significantly greater 

than the GWP impacts from SM maintenance activities (0.05 kg CO2eq).  For the 

approximate 4.5 million SMs deployed by the utility studied in this LCA, this 

scales out to be a reduction of about 5.6 million kg CO2eq per year due to the 

elimination of meter reading trips.  Using US EPA estimates for miles driven per 

car and average miles per gallon, this is equivalent to eliminating 1090 cars from 

Californian roads (US EPA, 2016b). 
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From this LCA, it is clear that SM deployment alone does not bring 

environmental benefits despite the elimination of meter reading activities.   

Ultimately, the potential environmental value of SM deployment lies in the 

consequences of the new meter’s added functionality.  The effectiveness of SME 

IDSM programs will be a major determinant of whether SM deployment will 

ultimately become environmentally beneficial.  This research demonstrates that 

the consequential impacts of SM deployment including potential electricity 

conservation and load shifting from new IDSM programs are worthy of further 

investigation.  It establishes baseline impacts from the SM’s life cycle that can be 

used to assess the consequences of SM deployment.   

 

  



 
 

55 
 

CHAPTER THREE 

 
An Investigation of the Environmental Benefits from Smart Meter-Enabled 

Load Reduction Programs in California 
 

3.1. Introduction and Background 

 

3.1.1. Introduction 
 

Energy efficiency (EE) and energy conservation (EC) initiatives are key 

components of California’s strategy to reduce greenhouse gas (GHG) emissions 

from electricity use and to meet the state’s growing electrical demand while 

minimizing the need for additional power plants (CPUC, 2016d).  Existing EE and 

EC programs (which I will refer to collectively as “load reduction” (LR) programs) 

in California have been effective.  Per capita energy use in the state has 

plateaued since the mid-1970s, while per capita use in other states has 

increased markedly, due in part to effective LR programs (Cook et al., 2013; 

Ettenson and Heavey, 2015).  Between 2010 and 2012, the state reported 

electricity savings of 7,745 GWh from load reduction programs (CPUC, 2015).  

These savings are enough to power 800,000 households for a year and 

potentially reduced the need for 1,300 MW of peak generation.  While existing 

programs have been effective, California’s GHG reduction goals require new 

integrated demand side management (IDSM) initiatives to further reduce the 

impacts of electricity use (CAISO, 2013).  Combined with the next generation of 

demand response (DR) programs, new LR programs will support the 

development and management of a smart grid with increased renewable 

generation and lower GHG emissions.  
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Smart meters (SMs) will play an essential role in the new IDSM programs.  

The meters will introduce continuous electronic monitoring of electrical 

consumption and wireless communication capabilities into utility metering.  These 

devices have the potential to raise electricity consumers’ awareness of their use 

and improve their ability to manage their consumption (Darby, 2013).  SMs will 

enable new, widespread, behavior-based programs using information strategies, 

such as providing feedback to electricity consumers to drive conservation (Darby 

et al., 2013).  The meter new functionality can also enable widespread 

automation of load reduction using smart technology in consumers’ homes.  

The comparative, attributional LCA (ALCA) of a SM and a conventional 

meter (CM) detailed in Chapter 2 demonstrates SM deployment alone does not 

bring environmental benefits.  The environmental impacts from the SM’s life cycle 

are greater than those from the life cycle of the CM despite the elimination of 

utility meter reading activities.  The SM’s potential environmental value lies 

largely in its ability to enable new, effective IDSM programs on a system-wide 

basis that markedly reduce consumption of electricity.  In this research, I build 

upon the comparative ALCA results and explore the potential benefits of smart 

meter-enabled (SME) LR programs.  

3.1.2. Life Cycle Assessment and SMs 

 

As detailed in Chapter 1, use of LCA to assess electric power system and 

smart grid components outside of electrical generation has been limited and 

focused primarily on ALCA (Aleksic and Mujan, 2016; Bumby et al., 2010; Jorge 

and Hertwich, 2013; Turconi et al., 2014).  However, ALCAs do not convey a 
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complete picture when considering the potential impacts of SM technology.  The 

promise of the SM is not simply that the device is upgraded with modern 

electronics (i.e. attributional aspects).  The SM’s potential value lies in its 

expanded functionality and, from an environmental perspective, in the new IDSM 

programs it enables to drive EE and EC (Darby et al., 2013).  Therefore, 

assessing the impact of SM deployment requires the use of some form of 

consequential LCA (CLCA).    

However, typical CLCA methods are of limited value in studying the 

consequences of SMs.  CLCA usually utilizes economic modeling (e.g. general 

or partial equilibrium models) to assess market-mediated consequences of a 

product, process, or policy (Earles and Halog, 2011; Rajagopal, 2016).  These 

methods rely on creation of a shock due to the increased production or use of a 

product that affects supply of or demand for materials related to its life cycle.  

However, marginal increases in SM production and deployment will not likely 

create a shock that would affect supply of or demand for materials used in its 

production.  This is because the SM is composed of common materials used in 

countless consumer electronic goods (e.g. plastic, silicon microchips, lithium 

batteries, etc.).   

SME IDSM programs are, however, intended to affect demand for 

electricity, but  pecuniary strategies, such as the use of cost feedback, have 

generally been found to be ineffective at driving consumer EC (Delmas et al., 

2013).  Therefore, findings from the use of economic models to assess the use of 

these strategies would be of limited value due to the lack of a strong price effect.  
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Additionally, SME LR programs will rely on other non-economic motivating 

factors, such as normative pressures, environmental concerns, and self-

competition to reduce demand for electricity.  None of these factors can be 

characterized utilizing economic modeling techniques often used in CLCA 

studies.  Therefore, an alternative approach to studying the consequences of SM 

deployment is warranted.  

In this research, I utilize the results of the comparative ALCA of a SM and 

a CM that established baseline impacts from SM deployment to assess the 

consequences of this deployment.  I next utilize literature reviews on the use of 

information strategies and conservation to develop several potential conservation 

scenarios for use in the SM LCA model.  I will also review early results from SME 

LR programs in California to develop additional scenarios for modeling.  This 

approach is similar to the one utilized by Van Dam et al. (2013) to characterize 

potential conservation benefits from another smart technology, home energy 

management systems (HEMS). 

3.1.3. Literature on Information Strategies and Conservation  
 

Delmas et al. (2013) noted that the environmental impacts of daily 

activities, such as electricity use, are often invisible to those creating the impacts.  

The average electricity consumer is typically unaware of the energy required for 

their daily activities along with its financial and environmental cost.  Other 

information, such as how one’s consumption compares with that of neighbors 

and peers, remains largely hidden.  The use of information strategies, such as 

providing usage, cost, and other types of feedback, aims to illuminate these blind 
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spots and motivate consumers to reduce their energy consumption (Delmas et 

al., 2013).  There is a rich literature on the use of information strategies to drive 

reduced energy consumption.  Numerous field trials and studies have been 

conducted over the last 40 years.  These studies provide the best available 

indication of how SME LR programs could impact consumer EC behaviors.  

One type of information strategy involves providing cost, use, or other 

feedback to energy consumers.  Neenan et al. (2009) and Ehrhardt-Martinez et 

al. (2010) broke feedback into two categories based on timing: indirect and direct 

feedback.  Indirect feedback is provided after consumption occurs.  Examples of 

indirect feedback include standard monthly bills, enhanced billing with energy 

savings advice, and feedback based on billing analysis and energy audits.  Direct 

feedback is provided in real time.  SMs will enable the widespread provision of 

direct feedback to all utility customers.  The two categories of direct feedback are 

real-time feedback provided through in-home displays, the internet, or text/email 

alerts and real-time plus feedback broken down by appliance (Neenan et al., 

2009).  The latter type of feedback would require smart appliances or other 

devices in addition to SMs to track individual appliance energy usage (e.g. 

Delmas and Lessem (2014)).  Feedback provided during field trials includes 

information on current and historical energy use, electricity cost, environmental 

impact, monetary savings information, and normative feedback on how one’s 

usage compares to similar households.  Other studies have investigated the 

impact of monetary incentives, energy saving tips, public versus private 

feedback, and goal setting.   
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Several literature reviews have concluded that providing feedback and 

other information to consumers can be an effective strategy to achieve EC 

(Abrahamse et al., 2005; Darby, 2006; Delmas et al., 2013; Ehrhardt-Martinez et 

al., 2010; Fischer, 2008; Neenan et al., 2009).  Table 11 summarizes the findings 

of reviews including numerical estimates of EC achieved through the use of 

information strategies.    
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Table 11. Summary of literature reviews on the use of information strategies to drive electricity conservation. 

Scenario Literature Source Name Description 
Conservation 

Rate 

1 Delmas et al. (2013) 

All Studies Mean Mean (All Studies) 7.4% 

Overall Range Mean +/- Standard Error (0.82) 6.6%, 8.2% 

2 Delmas et al. (2013) 

Higher Quality Studies Mean Mean (High Quality Studies) 1.99% 

Higher Quality Range Mean +/- Standard Error (0.223) 1.77%, 2.21% 

3 Delmas et al. (2013) 

Calculated Effect of Direct 
Feedback 

Mean (Direct Feedback) 2.85% 

Direct Feedback Range Mean +/- Standard Error (0.555) 2.30%, 3.41% 

4 
Ehrhardt-Martinez et al 

(2010) 
Range for direct real-time and real-

time plus feedback  
Range for studies (1995 - 2010) 9.2% - 12% 

5 
Ehrhardt-Martinez et al 

(2010) 
Regional Conservation Rates Range based on participation rates 4% - 6% 

6 
Ehrhardt-Martinez et al 

(2010) 
National Conservation Rates Range based on participation rates 0.4% - 6% 

7 Neenan et al. (2009) 
Range from Literature for Direct 

Feedback 
Range based on literature review 7% - 12% 

8 Darby (2006) 
Range from Literature for Direct 

Feedback 
Range based on literature review 5% - 15% 
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The literature demonstrates that the use of information strategies can 

result in conservation rates ranging from 5% to 15% percent when all studies are 

considered.  Direct feedback tends to result in higher conservation rates than 

indirect feedback.  Reviews have noted that some groups, such as highly-

motivated consumers or higher-users, maintain high rates of conservation while 

other groups (e.g. low electricity users and political conservatives) conserve 

much less or even increase their use with feedback (Costa and Kahn, 2013; 

Darby, 2006; Neenan et al., 2009).  Delmas et al. (2013) conducted the most 

comprehensive meta-analysis of 156 field trials between 1975 and 2012 and 

reported a mean conservation rate for all studies of 7.4%.  The researchers also 

calculated a mean conservation rate of 2.85% for studies where direct feedback 

was provided.   

Most reviews, however, note the limitations of the research.  Field trials 

typically had small sample sizes; were conducted over short time-periods; and 

did not assess the persistence of observed conservation.  Many lacked control 

groups and adjustment for weather and demographics.  Delmas et al. (2013) 

analyzed the results of lower quality studies and of high-quality studies with 

controls and statistical adjustment.  They found lower quality studies reported 

mean conservation levels of 9.6%, while higher-quality studies found much lower 

mean conservation levels of 1.99%.    

Ehrhardt-Martinez et al. (2010) factored participation rates into their review 

and estimated that aggregate conservation rates across a region between 4 and 

6% could be achieved with the use of direct feedback.  On a national scale, they 
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concluded achievable conservation rates could range from 0.4% to 6%.  Taken 

as a whole, the literature provides strong evidence that well-designed and 

effectively-implemented SME LR programs using information strategies could 

yield significant electricity conservation.   

3.1.4. Data from Californian SME Programs 

 

With the completion of SM deployment in 2012, California’s three largest 

investor-owned utilities (IOUs) launched several new, SME LR programs (PG&E, 

2015; SCE, 2016; SDG&E, 2015).  Some programs were instituted system wide, 

while other were deployed as limited pilots.  These include programs providing 

web-based, direct cost and use feedback, and goal-setting programs using email 

and text alerts to update consumers on their progress meeting monthly budget or 

use goals.  Others provide direct feedback using in-home displays and indirect 

feedback through home energy reports with normative feedback and 

conservation tips.  Other pilot projects utilized automation of EC in conjunction 

with smart thermostats.  Program results have started to be available through 

IOU filings to the California Public Utilities Commission (CPUC) and are 

summarized in Table 12 (AEG, 2014; FSC, 2013; PG&E, 2012, 2013, 2014, 

2015, SCE, 2012, 2013, 2014a, 2016).   
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Table 12. Summary of results from Californian IOU SME LR programs.    

Program 
 

Program Type 
Description 

  
Participation 

  
Reduction in Electricity 

Use 
  

 
DF1 

Direct Feedback: 
Goal Setting 

Customers receive email and text alerts with updates 
with progress on meeting their personalized budget 
goals. 

2012: 354,965 
2013: 325,272 
2014: 301,595 
2015: 305,190 

2012: 0.92%  
2013: 0.46% 
2014: 0.5% 
2015: 0.5%  

 
DF2 

Direct Feedback: 
Internet 

Customers receive direct feedback using web-
presentment tools. 

2012: 869,614 
2013: 1,914,548 
2014: 2,167,721 
2015: 2,711,145 

2012: 0%  
2013: 0% 
2014: 0% 
2015: 0%  

 
DF3 

Direct Feedback: 
In-Home Display 

In-home displays provide direct cost and use feedback 
to higher energy users. 

2012: 422 
2013: 420 
2014: 364 
2015: 305 

2012: 3 - 6%  
          0% (after 90 days) 
2013: 3.7% 
2014: 4%  
2015: 4% 

DF4 
Direct Feedback: 

Internet 
Website allows customers to view usage, price and cost 
feedback, and utilize various rate analysis tools.  

 Not Available 
  

2012: 23.01 GWh*  

 
DF5 

Direct Feedback: 
Alerts 

Customers receive text and email alerts when the cost of 
their energy consumption crosses into higher rate. 

2013: 84,965 
2014: 106,000 
2015: 142,000 

2012: 20.29 GWh* 
2014: 17.8 GWh* 
2015: 6.163 GWh* 

DF6 
Direct Feedback: 
In-Home Display 

Home area network (HAN) connect SM with customer 
devices to receive real-time feedback via in-home 
displays. 

 2012: 430 
  

2012: 4.6%  

ID1 
Indirect Feedback: 

Normative  

Comparative energy usage reports provided to 
participants using SM and other data.  
  

2013: 150,000 2013: 1.4%  
9,071 MWh*  

ID2 
Indirect Feedback: 

Normative  

Three types of reports with SM and other data provide 
normative usage with energy saving recommendations 
to participants.  

2013: 872,000 
2014: >1,000,000 

2012: 1.1 - 1.5% 
8/11- 12/12: 49.9 GWh* 
2014: 71.4 GWh* 

A1 
Automation: 

Smart Thermostat 

Customers utilize smart thermostats while being 
provided with behavioral energy-saving messaging. 
  

2013: 505 2013: 2.4%  
  

 * System–wide reductions in electricity use 
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IOU program data in Table 12 show, despite widespread availability of LR 

programs enabled by SM deployment, that actual participation rates in these 

programs are generally low.  As of the end of 2015, only 305 of one IOU’s 

approximate 4.5 million residential accounts had registered in-home displays that 

communicate with SMs to provide direct feedback as part of a targeted pilot 

program (DF3).  About 305,000 of the IOU’s customers signed up for a goal-

setting program (DF1) to send email and/or text alerts providing updates with 

progress on meeting monthly budget targets. The utility had higher participation 

rates (over two million by 2015) in its internet-based tool (DF2), but no significant 

reduction in energy use amongst participants was reported between 2012 and 

2015.  Data from other programs have similar participation rates.    

Despite generally low participation rates, data from the Californian IOU 

programs demonstrate the potential for EC from SME load reduction programs.  

A sampling of 350,000 customers using a utility’s goal-setting program (DF1) 

sending text and email alerts with the status on reaching budget goals showed 

participants reduced their electricity consumption by 0.92% compared with 

controls in 2012.  The conservation rate amongst program users dropped in 

subsequent years to between 0.46 - 0.5%.  From a system-wide perspective, 

another utility reported energy use reductions in 2012 of 23 GWh for users of 

their web-based feedback program (DF4) and 20.3 GWh for customers receiving 

text and/or email alerts (DF5).   

Other programs partially enabled by SMs utilized home energy reports 

providing normative feedback, usage patterns, and energy savings tips to drive 
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EC (ID1 and ID2).  One utility reported electricity use reductions of 1.4% amongst 

150,000 utility customers receiving these reports (AEG, 2014).  Another utility 

instituted a similar program with about 870,000 enrolled customers resulting in an 

average energy savings of 1.5% and annual system-wide reductions between 

49.9 to 71.4 GWh (FSC, 2013).   

Data from one utility’s 2012 pilot in-home display program (DF3) found 

that customers receiving direct energy and cost feedback reduced their energy 

usage by 3 to 6% within the first 90 days of the pilot but 0% thereafter.  However, 

program data from subsequent years has demonstrated a sustained effect with 

an overall reduction of 3.7 to 4% in electricity use amongst in-home display 

users.  Another IOU reported annual reductions in energy use of 4.6% for 

customers using in-home displays (DF6).  One utility also explored the potential 

for the automation of EC.  The utility’s 2013 pilot program (A1) utilized internet-

enabled smart thermostats communicating with SMs in 505 residences combined 

with behavioral energy saving messaging.  Energy reduction rates of 2.4% were 

reported for this program.   

While utilities caution against generalizing findings from these early 

programs to future results, these data provide insight into potential future 

conservation trends when SME programs achieve higher rates of participation. 

3.1.5. Overview of Research 
 

An LCA assessing the benefits of observed EC from California’s existing 

SME LR programs alone is of limited value given the nascent state of these 

initiatives and their limited participation rates.  Therefore, I build upon the results 
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of the comparative, ALCA of a CM and a SM in Chapter 2 to characterize 

potential future benefits from SME LR programs.  I investigate scenarios and 

circumstances under which SM impacts could be offset by reductions in 

electricity use to yield net environmental benefits.  I explore: 

1. The characterization of environmental impacts and benefits of SM 

deployment under conservation scenarios based on the literature 

on information strategies and conservation, and on preliminary 

Californian IOU results. 

2. Conservation rates required to offset the environmental impacts 

due to SM deployment and operation. 

3. The effect of regional grid mixes on impacts and benefits from SM 

deployment and SME conservation programs. 

4. The environmental payback period for SM deployment and 

operation impacts to be offset by benefits from SME LR programs 

under various conservation scenarios and with various regional grid 

mixes. 

5. The effect of participation rate on achieving net benefits from SM 

deployment. 

3.2. Methods 

 

3.2.1. Attributional SM LCA and System Boundary 
 

This study builds upon the findings of the comparative ALCA in Chapter 2.  

That LCA characterizes the impacts of the production, use, and the end of life 

phases of a CM and a SM.  For this study, the functional unit is one SM operating 
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in California for one year, but the system boundary of the SM life cycle is 

extended to include SME load reduction (Figure 10).     

Prior to SM deployment in California, direct feedback and automation were 

only available to consumers through the installation of non-standard devices at 

their residences.  SMs have enabled the widespread deployment of new LR 

programs using direct feedback, automation, and other strategies.  As such, I 

classify the conservation of electricity resulting from these programs as a 

consequence of SM deployment, and for this study, I allocate these energy 

savings to the SM’s life cycle (Figure 11).   

 

Figure 10. The three stages of the SM life cycle under study in this research. 
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Figure 11. Process flow diagram for the SM’s life cycle. 

 

3.2.2. Data Collection 

 

 The literature on information strategies and conservation is used to create 

the scenarios contained in Table 11 (Abrahamse et al., 2005; Darby, 2006; 

Delmas et al., 2013; Ehrhardt-Martinez et al., 2010; Neenan et al., 2009).  

Conservation results from Californian SME LR programs from the years 2012 

through 2015 in Table 12 are used to create additional scenarios (AEG, 2014; 

FSC, 2013; PG&E, 2012, 2013, 2014, 2015, SCE, 2012, 2013, 2014a, 2016).  

Scenarios are then used to develop potential SME conservation credits for 

incorporation into the GaBi 6.0 model of the SM’s life cycle.       

3.2.3. Inventory Analysis and Impact Assessment 

 

The GaBi 6.0 LCA software is used for data management, inventory 

analysis, and impact assessment.  Data on the production, use, and disposition 

phases are entered into GaBi 6.0, and the software calculates material, energy, 

and waste flows based on data sets contained in the model.  Inventories tracked 
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for this study include energy flows, resource depletion, and outputs of CO2, O3 

and other compounds.   From these flows, environmental impacts are assessed.  

The United States Environmental Protection Agency’s Tool for the Reduction and 

Assessment of Chemical and other environmental Impacts 2.1 (TRACI 2.1) are 

utilized to convert the inventory of flows to environmental impact indicators.  The 

impacts assessed include global warming potential (GWP), stratospheric ozone 

depletion (ODP), photo-oxidation potential (POCP), eutrophication potential (EP), 

and acidification potential (AP).   

3.2.4. SME Conservation Scenarios 

 

First, the mean conservation rate (1.99% with a range of 1.77% to 2.21%) 

for the higher-quality studies from Delmas et al. (2013) is used to characterize 

the benefits from potential SME conservation for key impact categories.  To 

calculate a conservation credit to include in the SM LCA GaBi 6.0 model, 

conservation rates are applied to the average residential energy usage by 

customers of the utility under study in Chapter 2 for the year of deployment 

(25,574 MJ).  Next, focusing on GHG emissions, other scenarios are modeled 

including those from the literature on the information strategies and conservation 

and from California IOU program results in Table 11 and Table 12.   

3.2.4. Offset of SM Deployment Impacts 

 

The conservation rates at which annual SM impacts would be offset by 

conservation benefits for the five impact categories under study are determined. 

This is achieved by varying the rates of conservation in the GaBi 6.0 SM model 

until conservation benefits equal annual impacts.    
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3.2.5. Impact of Grid Mix on SM LCA Results 

 

The comparative ALCA of a SM and CM demonstrates electricity 

consumed during the SM’s use phase is the biggest contributor to its life cycle 

impacts.  Because of the importance of both electricity consumed by the meter 

and conserved due to load reduction programs, a sensitivity analysis is 

conducted substituting the Californian utility-specific grid mix with various 

American grid mixes contained within the GaBi 6.0 data set including West, East, 

Texas, Alaska, and Hawaii grid mixes.  Conservation rates are varied from 0% to 

15% to determine their effect on GWP impacts.  

3.2.6. Environmental Payback Period of SM Deployment 

 

The environmental payback period of SM deployment is explored next 

focusing on GHG emissions.  This is achieved by calculating the time period for 

SM conservation benefits to offset life cycle GWP impacts from SM deployment 

and operation with varied levels of conservation and with varied grid mixes.  For 

this analysis, CM LCA results from the previous comparative ALCA in Chapter 2 

are utilized.  The variables used for this calculation are shown in Table 3.  

Equation (1) shows the condition in which cumulative GHG emissions from SM 

deployment and operation are offset by conservation credits. 

𝐺𝑊𝑃𝑆𝑀 𝐶𝑢𝑚𝑢𝑙𝑎𝑡𝑖𝑣𝑒  =  𝐺𝑊𝑃𝐶𝑜𝑛𝑠.  𝐶𝑟𝑒𝑑𝑖𝑡  𝑡𝑜𝑓𝑓𝑠𝑒𝑡 (1) 

Cumulative GHG emissions from SM deployment and operation impacts are also 

shown in Equation (2) as the sum of total SM lifetime production impacts and 

recycling credits; the cumulative increase in impacts from SM use compared with 
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CM use; and impacts from the disposal of functional CMs with remaining 

percentages of useful life.   

𝐺𝑊𝑃𝑆𝑀 𝐶𝑢𝑚𝑢𝑙𝑎𝑡𝑖𝑣𝑒   =  𝐺𝑊𝑃𝑆𝑀 𝑃𝑟𝑜𝑑 𝐿𝑖𝑓𝑒  −  𝐺𝑊𝑃𝑆𝑀 𝑅𝑒𝑐 𝐿𝑖𝑓𝑒 + (𝑡𝑜𝑓𝑓𝑠𝑒𝑡(𝐺𝑊𝑃𝑆𝑀 𝑈𝑠𝑒 𝐴𝑛𝑛𝑢𝑎𝑙  −

 𝐺𝑊𝑃𝐶𝑀 𝑈𝑠𝑒 𝐴𝑛𝑛𝑢𝑎𝑙 ))  +  (𝑃𝐶𝑀 𝑈𝑠𝑒𝑓𝑢𝑙 𝐿𝑖𝑓𝑒  (𝐺𝑊𝑃𝐶𝑀 𝑃𝑟𝑜𝑑 𝐿𝑖𝑓𝑒  −  𝐺𝑊𝑃𝐶𝑀 𝑅𝑒𝑐 𝐿𝑖𝑓𝑒 )) (2) 

 

Combining Equations (1) and (2) and solving for the environmental payback 

period yields Equation (3). 

 

𝑡𝑜𝑓𝑓𝑠𝑒𝑡  =  
𝐺𝑊𝑃𝑆𝑀 𝑃𝑟𝑜𝑑 𝐿𝑖𝑓𝑒  − 𝐺𝑊𝑃𝑆𝑀 𝑅𝑒𝑐 𝐿𝑖𝑓𝑒 + (𝑃𝐶𝑀 𝑈𝑠𝑒𝑓𝑢𝑙 𝐿𝑖𝑓𝑒 (𝐺𝑊𝑃𝐶𝑀 𝑃𝑟𝑜𝑑 𝐿𝑖𝑓𝑒  − 𝐺𝑊𝑃𝐶𝑀 𝑅𝑒𝑐 𝐿𝑖𝑓𝑒 ))

(𝐺𝑊𝑃𝐶𝑜𝑛𝑠.  𝐶𝑟𝑒𝑑𝑖𝑡  − 𝐺𝑊𝑃𝑆𝑀 𝑈𝑠𝑒 𝐴𝑛𝑛𝑢𝑎𝑙  + 𝐺𝑊𝑃𝐶𝑀 𝑈𝑠𝑒 𝐴𝑛𝑛𝑢𝑎𝑙 )
   (3) 

 

Initially, it is assumed that replaced CMs had been utilized for their entire 

rated life, and the environmental payback period is calculated for various levels 

of conservation and US grid mixes.  However, with the system-wide replacement 

of CMs by the Californian utilities, it is highly likely many CMs with years or even 

decades of useful life were retired early and recycled.  To simulate this, the 

percentage of remaining useful life of the replaced CM is varied between 25% 

and 75%, and the environmental payback period is calculated.   
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Table 13. Variables used in calculation of environmental payback period of SM deployment. 

Variable Description Unit 

𝐺𝑊𝑃𝑆𝑀 𝐶𝑢𝑚𝑢𝑙𝑎𝑡𝑖𝑣𝑒   Cumulative GHG emissions from SM deployment 
until deployment and operation impacts are offset 
by conservation credits as a function of 𝑡𝑜𝑓𝑓𝑠𝑒𝑡 

kg CO2eq 

𝑡𝑜𝑓𝑓𝑠𝑒𝑡 Environmental payback period or time for the 
cumulative reduction in GHG emissions to offset 
cumulative impacts of SM deployment and 
operation  

Years 

𝑃𝐶𝑜𝑛𝑠𝑒𝑟𝑣𝑎𝑡𝑖𝑜𝑛 Rate of electricity conservation due to SME LR 
programs 

None 

𝐺𝑊𝑃𝐶𝑜𝑛𝑠.  𝐶𝑟𝑒𝑑𝑖𝑡  Reduction in GHG emissions per year due to SME 

electricity conservation as a function of 𝑃𝐶𝑜𝑛𝑠𝑒𝑟𝑣𝑎𝑡𝑖𝑜𝑛 
 

kg CO2eq/yr 

𝐺𝑊𝑃𝑆𝑀 𝑃𝑟𝑜𝑑 𝐿𝑖𝑓𝑒  SM lifetime production GHG impacts kg CO2eq 

𝐺𝑊𝑃𝑆𝑀 𝑈𝑠𝑒 𝐴𝑛𝑛𝑢𝑎𝑙  SM annual use GHG impacts kg CO2eq/yr 

𝐺𝑊𝑃𝑆𝑀 𝑅𝑒𝑐 𝐿𝑖𝑓𝑒  SM lifetime GHG recycling credits kg CO2eq 

𝐺𝑊𝑃𝐶𝑀 𝑃𝑟𝑜𝑑 𝐿𝑖𝑓𝑒  CM lifetime production GHG impacts kg CO2eq 

𝐺𝑊𝑃𝐶𝑀 𝑈𝑠𝑒 𝐴𝑛𝑛𝑢𝑎𝑙  CM annual use GHG impacts kg CO2eq/yr 

𝐺𝑊𝑃𝐶𝑀 𝑅𝑒𝑐 𝐿𝑖𝑓𝑒  CM lifetime GHG recycling credits kg CO2eq 

∆𝐺𝑊𝑃𝑈𝑠𝑒 𝐴𝑛𝑛𝑢𝑎𝑙  Increase in annual use GHG impacts from SMs 
compared with CMs without conservation 

kg CO2eq/yr 

𝑃𝐶𝑀 𝑈𝑠𝑒𝑓𝑢𝑙 𝐿𝑖𝑓𝑒  Average percent of CM useful life remaining at the 
time of replacement by SM 

None 

𝑃𝑃𝑎𝑟𝑡𝑖𝑐𝑖𝑝𝑎𝑡𝑖𝑜𝑛  Percent of customers participating in SME LR 
achieving a given rate of conservation 

None 

𝑡𝑆𝑀 𝐿𝑖𝑓𝑒 SM lifetime  Years 
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3.2.6. The Effect of Participation Rates on the Offset of SM Impacts 
 

Recognizing that some portion of a utility’s customer base will utilize SM 

functionality to conserve electricity and the rest will not, I next investigate the 

percentage of customers achieving varied levels of conservation necessary to 

offset annual SM impacts.  This assumes the remaining customers’ energy 

consumption is unchanged by SM deployment.  For this analysis, I utilize 

Equation (4): 

 

𝑃𝑃𝑎𝑟𝑡𝑖𝑐𝑖𝑝𝑎𝑡𝑖𝑜𝑛 𝐺𝑊𝑃𝐶𝑜𝑛𝑠.  𝐶𝑟𝑒𝑑𝑖𝑡 =  
𝐺𝑊𝑃𝑆𝑀 𝑃𝑟𝑜𝑑 𝐿𝑖𝑓𝑒 

𝑡𝑆𝑀 𝐿𝑖𝑓𝑒
 + 𝐺𝑊𝑃𝑆𝑀 𝑈𝑠𝑒 𝐴𝑛𝑛𝑢𝑎𝑙 − 

𝐺𝑊𝑃𝑆𝑀 𝑅𝑒𝑐 𝐿𝑖𝑓𝑒 

𝑡𝑆𝑀 𝐿𝑖𝑓𝑒
  (4) 

 

3.4 Results  

 

 Table 14 contains LCA results utilizing the base conservation rate due to 

the use of information strategies for higher-quality studies (1.99%) from Delmas 

et al. (2013).   In all categories except APWater, conservation credits offset all SM 

impacts to result in net environmental benefits.   For most impact categories, 

conservation benefits are several times larger than SM impacts without 

conservation and CM impacts.  Table 15 displays the GWP results for LCA 

scenarios using observed conservation rates reported in literature reviews of 

information strategies and conservation.  GWP results for LCA scenarios based 

on results from Californian IOU LR programs enabled by SMs are shown in Table 

16.  All of the scenarios show significant reductions in GWP and net 

environmental benefits due to conservation.   
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Table 17 contains the rates of conservation required to offset baseline 

annual SM impacts for several impact categories.  For the GWP, APAir, ODP, and 

POCP categories, small rates of conservation from 0.2% to 0.3% are sufficient to 

offset annual SM impacts.  EPAir and EPWater require slightly higher rates of EC 

between 0.3% and 0.5% to offset impacts.  The relatively small APWater impacts 

from SM’s life cycle result primarily from the meter’s electronics production.  

Electricity use does not create high APWater impacts, so the benefits of conserving 

electricity in this impact category are minimal.  As such, APWater requires a much 

higher conservation rate (24.2%) to offset annual SM impacts.  Achieving such a 

high rate would be unlikely.  Table 17 also displays the reduction in impacts per 

percentage of conservation because these two variables are found to be linearly 

related. 
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Table 14. SM LCA TRACI 2.1 results utilizing the conservation rate due to the use of information strategies for higher-quality studies (1.99%) from 

Delmas et al. (2013). 

Impact Category SM with Conservation  
Baseline 
(Range)  

SM without 
Conservation 

Baseline 

CM 
Baseline 

GWP (kg CO2eq) 
-54.75 

(-62.70 to -46.18) 
7.98 5.60 

AP Air (kg SO2eq) 
-0.15 

(-0.18 to - 0.13) 
0.027 0.017 

AP Water (kg SO2eq) 
5.82 x 10-5  

(3.66 x 10-5 to 1.22 x 10-4)   
6.34 x 10-5 2.53 x 10-6 

EP Air (kg Neq) 
-5.38 x 10-3 

(-6.30 x 10-3 to -4.20 x 10-3) 
1.12 x 10-3 6.95 x 10-4 

EP Water (kg Neq) 
-8.31 x 10-4 

(-9.95 x 10-4 to -5.97 x 10-4) 
2.27 x 10-4 1.88 x 10-4 

ODP (kg CFC-11eq) 
-1.32 x 10-5 

(-1.50 x 10-5 to -1.13 x 10-5) 
1.66 x 10-6 9.58 x 10-7 

POCP – (kg O3eq) 
-2.57 

(-2.96 to -2.13) 
0.41 0.29 
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Table 15. SM LCA TRACI 2.1 GWP results utilizing conservation rates from reviews of the literature on information strategies and conservation.  

 

  Scenario Literature Source/ Description Conservation Rate 

Baseline 
(kg CO2eq) 

Best 
(kg CO2eq) 

Worst 
(kg CO2eq) 

1 CM LCA Results 0% 5.6 4.89 6.25 

2 SM LCA Results with No Conservation 0% 7.98 6.97 
9.62 

 

3 
Delmas et al. (2013) – Mean Higher Quality 

Studies  
1.99% (1.77%, 2.21%) -54.75 -62.70 

 
-46.18 

 

4 
Delmas et al. (2013) – Mean Direct 

Feedback  
2.85% (2.30%, 3.41%) -81.86 -82.88 

 
-80.23 

 

5 Delmas et al. (2013) – Mean All Studies 7.4% (6.6%, 8.2%) -225.30 -251.54 -198.45 

6 
Ehrhardt-Martinez et al (2010) – Range 

Direct Feedback 
9.2% - 12% N/A -371.33 -280.05 

7 
Ehrhardt-Martinez et al (2010) -  Regional 

Conservation Rates for Direct Feedback 
4% - 6% N/A -182.18 -116.48 

8 
Ehrhardt-Martinez et al (2010) -  National 

Conservation Rates for Direct Feedback 
0.4% - 6% N/A -2.99 -182.18 

9 
Neenan et al.  (2009) -  Range for  Direct 
Feedback 

7% - 12% N/A -371.33 -211.06 

10 Darby (2006) -  Range for  Direct Feedback 5% - 15% N/A -465.91 -148.01 
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Table 16. SM LCA TRACI 2.1 GWP results utilizing conservation rates from Californian IOU SME LR programs. 

 * Average/Point Estimate (Range)  

Scenario Program Conservation Rate* 
Baseline 

(kg CO2eq) 
Best 

(kg CO2eq) 
Worst 

(kg CO2eq) 

 
No Conservation 

 
SM LCA Results  0% 7.98 6.97 9.62 

 
Direct Feedback: 

Goal Setting 

 
DF1 0.52% (0.46 – 0.92%) -9.99 -22.03 -4.88 

 
Direct Feedback: 

Internet 

 
DF2 0% (0 – 0%) 7.98 6.97 9.62 

 
Direct Feedback: 
In-Home Display 

 
DF3  3.7% (0 – 6%) -108.66 -182.17 

 
9.62 

 

 
Direct Feedback: 
In-Home Display 

 
DF6 4.6% -137.03 --- 

 
--- 
 

Indirect Normative 
Feedback: 

Home Energy Reports 

 
ID1 1.4% -36.15 --- 

 
--- 
 

Indirect Normative 
Feedback: 

Home Energy Reports 

 
ID2 (1.1 – 1.5%) --- -40.32 -25.06 

Automation: 
Smart Thermostats 

 
A1 2.4% -67.68 --- --- 
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Table 17. Conservation rates at which annual SM life cycle impacts are offset by conservation 

benefits and the rate of impact reduction per percentage increase in the rate of conservation. 

Impact 
Category 

 
Conservation Impact 

Offset Point (%) 
 

 
Impact Reduction per Percent 
Increase in Conservation Rate 

GWP 0.253 -31.5 kg CO2eq/% 

AP Air 0.294 -9.1 x 10-2 kg SO2eq/% 

AP Water 24.230 -2.6 x 10-6 kg SO2eq/% 

EP Air 0.343 -3.3 x 10-3 kg Neq/% 

EP Water 0.427 -5.3 x 10-4 kg Neq/% 

ODP 0.223 -7.4 x 10-6 kg Neq./% 

POCP 0.275 -1.5 kg O3eq/% 

 
Table 18 demonstrates the impact of grid mix on SM life cycle impacts and 

conservation benefits.  At the time of SM deployment in California, the IOU grid 

mix used in this study was one of the least GHG intensive with a significant 

percentage of electricity generation coming from renewable and nuclear sources 

(though this has subsequently changed with the shutdown of a major nuclear 

generation facility in January of 2012).  Other grid mixes in the United States rely 

more heavily on coal generation and produce more GHG impacts per kWh of 

electricity than the California IOU grid mix.  For the baseline scenario assuming 

no EC, SM LCA GWP impacts of 7.98 kg CO2eq using California IOU’s grid mix 

increase to 11.62 kg CO2eq when the more coal-based East grid mix is utilized.  

When the Hawaiian grid mix—which contains large percentages of oil-based 

generation—is used, baseline impacts nearly double to 15.31 kg CO2eq.  

However, these data also demonstrate that there is a greater potential for 
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realizing conservation benefits in regions with more GHG-intensive grid mixes.  

The rate of reduction in GWP impacts per percentage increase in conservation 

rate increases from 31.5 kg CO2eq per percentage point for California IOU’s grid 

mix to 45.5 and 64.5 kg CO2eq per percentage point for the East and Hawaiian 

grid mixes respectively.  Whereas a one percent rate of conservation yields 

annual overall reductions of GWP of 23.5 kg CO2eq in California IOU territory, 

the same rate of conservation would yield an overall reduction of 49.2 kg CO2eq 

in Hawaii.  

Table 18. SM LCA TRACI 2.1 GWP impact results for various rates of household electricity 

conservation and for the Californian IOU and various American electricity grid mixes. 

  GWP (kg CO2eq) 

Conservation Rate CA IOU West East Texas Alaska Hawaii 

0.0% 7.98 9.38 11.62 11.35 13.98 15.31 

0.1% 4.83 5.6 7.07 6.68 8.13 8.86 

0.2% 1.68 1.82 2.52 2.02 2.28 2.41 

0.3% -1.47 -1.97 -2.03 -2.65 -3.57 -4.03 

0.4% -4.63 -5.75 -6.57 -7.32 -9.42 -10.48 

0.5% -7.78 -9.53 -11.12 -11.99 -15.26 -16.93 

0.6% -10.93 -13.32 -15.67 -16.65 -21.11 -23.38 

0.7% -14.08 -17.1 -20.22 -21.32 -26.96 -29.83 

0.8% -17.24 -20.88 -24.77 -25.99 -32.81 -36.28 

0.9% -20.39 -24.67 -29.32 -30.66 -38.66 -42.73 

1.0% -23.54 -28.45 -33.87 -35.33 -44.5 -49.18 

2.0% -55.07 -66.28 -79.36 -82 -102.98 -113.66 

3.0% -86.59 -104.11 -124.86 -128.68 -161.47 -178.15 

4.0% -118.12 -141.95 -170.35 -175.36 -219.95 -242.64 

5.0% -149.64 -179.78 -215.85 -222.03 -278.43 -307.13 

10.0% -307.27 -368.95 -443.31 -455.42 -570.83 -629.57 

15.0% -464.89 -558.11 -670.78 -688.81 -863.23 -952.01 
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 Figure 12 displays the SM environmental payback period for various levels 

of conservation and grid mixes.  This analysis assumes the CM replaced by the 

SM had been utilized for its complete rated lifetime.  For a low level of 

conservation of 0.3% (slightly above the annual impact offset conservation rate), 

the time period to offset lifetime SM deployment and operation impacts is under 

2.5 years using the California IOU’s grid mix.  When the Hawaiian grid mix is 

utilized, the offset time drops to below 1.5 years.  With a conservation rate of 1%, 

the payback period is under 1 year for all grid mixes.   

When the impacts of disposing functional CMs are considered, the 

environmental payback period increases (Figure 13).  For a conservation rate of 

0.3% using the Californian IOU grid mix, the payback period increases to 3.2 

years if the replaced CM was only utilized for only half of its rated life.  If three 

quarters of the CM’s lifetime remained at time of disposition, the payback period 

increases to 4.5 years.  With increasing conservation rates, the environmental 

payback period decreases quickly and drops to below one year at a conservation 

rate of 1.2% even if 75% of the CM’s lifetime remained at time of disposition.   

 Figure 14 demonstrates the effect of participation rates of SME LR 

programs on the ability to offset SM deployment impacts from a system-wide 

perspective.  The percentage of participating customers are plotted as a function 

of the average participant conservation rate that is required to offset annual SM 

impacts.  High percentages of the California IOU’s customer base (84.5%) would 

have to achieve a low conservation rate of 0.3% to offset annual SM impacts.  

However, at a 1% conservation rate, the required participation rate drops to 
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25.3%, and only 5.1% of the CA IOU’s customer base would have to achieve a 

higher conservation rate of 5% to offset annual SM impacts.  Given that grid mix 

affects both SM impacts and conservation benefits, varying grid mix has little 

impact on required participation rates.  For instance, the required participation 

rate at a 1% conservation rate only changes from 25.3% for CA IOU’s grid mix to 

25.6%, and 23.8% for the East and Hawaii grid mixes respectively.   
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Figure 12. Environmental payback period (time to offset SM GWP impact increases) for various rates of household electricity conservation and 

electricity grid mixes. 
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Figure 13. Environmental payback period from SME conservation (using CA IOU grid mix) with CM remaining useful lifetime (LT) varied. 

0

0.5

1

1.5

2

2.5

3

3.5

4

4.5

5

0.0% 1.0% 2.0% 3.0% 4.0% 5.0%

0 LT Remaining (Baseline)

0.75 LT Remaining

0.5 LT Remaining

0.25 LT Remaining

Conservation Rate (%)

En
vi

ro
n

m
en

ta
l P

ay
b

ac
k 

P
er

io
d

(Y
ea

rs
)



 
 

85 
 

 

Figure 14. Participation rates required to offset annual SM GWP impacts as a function of average conservation rate for various grid mixes.  
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3.5. Discussion  

 
I find that the SME LR programs have high potential to yield significant 

environmental benefits including reductions in GHG emissions from electricity 

use (See Table 14, Table 15, and Table 16).   

The analysis of the environmental payback period and of the effect of 

participation rates all demonstrate these benefits are achievable, even with low 

rates of conservation and participation (See Figure 12, Figure 13 and Figure 14).  

Secondly, however, I find from a review of SME programs in California that these 

benefits have yet to materialize on a statewide level due to low program 

participation rates (See Table 12).  And lastly, I find, that while SME LR programs 

can potentially yield high reductions in GHG emissions in California, there exists 

even greater potential benefits in states and countries where electricity grid 

mixes are more carbon intensive (See Table 18). 

 The deployment of SMs has been justified for a number of reasons 

including increased system reliability, support for DR efforts, and efficiency of 

utility operations.  This research demonstrates the great potential of SM to yield 

significant environmental benefits as well.  For instance, if a system-wide 

average conservation rate of 1% could be achieved at the utility under study in 

Chapter 2, this could yield annual reductions in GHG emissions of 105 million kg 

CO2eq/yr.  This would be equivalent to a reduction of 21,350 cars being driven in 

in California.  If an average conservation rate of 4% is achieved as the literature 

suggests is possible, GHG emissions reductions of 531 million kg CO2eq/yr 

would occur (equivalent to removing the GHG emissions of 107,970 cars).  
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However, data from utility programs in California fail to demonstrate 

system-wide reductions in GHG emissions from programs to date.  This research 

finds that annual system-wide SM impacts could be offset by moderate levels of 

conservation in the range of 1% achieved by about a quarter of a utility’s 

customer base or by larger rates of 5% achieved by a smaller fraction of 

customers (5%).  Data from Californian IOU programs demonstrate existing 

programs have not met these thresholds.  For example, one utility reported 

conservation rates of 0.92% amongst participants in its goal-setting LR program 

(DR1) in 2012 (See Table 12).  However, the probability of the utility’s customers 

participating in the SME LR program was 0.85%. This demonstrates the need for 

focused efforts to increase program participation in the coming years as 

California strives to meet its GHG reduction goals.   

I find greater impacts from SM operation but also greater benefits from 

SME conservation using more GHG intensive grid mixes in the GaBi 6.0 SM LCA 

model (See Table 18).  These results parallel with the findings of Jorge and 

Hertwich (2013).  They reported greater GHG impacts due to transmission line 

losses when they substituted the Norwegian grid mix, which predominantly 

consists of hydroelectric generation, with the more GHG intensive Nordic and 

European mixes.  Siler-Evans et al. (2013) recognized the regional dependence 

of the environmental benefits of renewable energy on the type of conventional 

generation that the renewables displace.  In the same way, this research 

demonstrates that effective SME LR programs in areas heavy in coal generation 
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could produce greater reductions in GHG emissions than in renewable 

generation rich areas, such as California.    

The findings from this research raise interesting policy questions related to 

the efforts by California and other states and nations to combat the global climate 

change.  What policy decisions can regulators make to drive higher participation 

rates in SME LR programs?  How can utilities market these programs to increase 

participation rates and average conservation rates?  How can automation of EE 

and conservation be accelerated?  And from a national and international 

perspective, should areas with more GHG-intensive electrical generation be 

targeted for SM deployment before areas like California with higher percentages 

of renewable generation?  These questions will be considered in the final chapter 

of this dissertation. 
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CHAPTER FOUR 
 

An Investigation of the Environmental Benefits and Impacts of Smart Meter-
enabled Demand Response Programs at Californian Electric Utilities 

 

4.1. Introduction and Background 

 

4.1.1. Introduction 
 

The California Independent System Operator Corporation (CAISO), which 

oversees the operation of the state’s electrical grid, recently developed a 

roadmap for maximizing “preferred resources” to meet the state’s increasing 

demand for electricity (CAISO, 2013).  This roadmap contains strategies for 

maintaining system stability during hours of peak demand while minimizing the 

need for new power plants.  CAISO identified reshaping the state’s hourly 

electrical demand curve through energy efficiency (EE), energy conservation 

(EC), and demand response (DR) programs as one of the state’s preferred 

resources.  Smart meters (SMs) will play a key role in this effort because 

deployment of this technology will enable the wide-scale expansion of load 

reduction (LR) and DR (or load shifting) programs that historically have been 

voluntary and have had limited participation.  The benefits of smart meter-

enabled (SME) LR programs are addressed in the Chapter 3.  In this chapter, the 

potential environmental impacts and benefits of SME DR programs are explored 

utilizing life cycle assessment (LCA) methods.   
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4.1.2. Background on DR and SMs 

 

The United States Department of Energy defines DR as “changes in 

electric usage by end-use customers from their normal consumption patterns in 

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

designed to induce lower electricity use at times of high wholesale market prices 

or when system reliability is jeopardized.” (FERC, 2008).  Whereas LR programs 

aim to reduce overall electricity consumption, DR focuses on shifting load from 

times of peak demand to off-peak times for economic and system reliability 

reasons (Figure 15).  Darby et al. (2013) framed this approach as a significant 

paradigm shift for grid management.  Traditionally, grid managers sought to 

deploy generation to match electrical demand.  DR seeks to have customer 

demand respond to available generation.   

 

Figure 15.  An example of a daily electrical load profile in California without DR and with load 

shifting due to DR programs. 

Managing peak load is a priority for utilities and grid operators.  During 

periods of peak electricity demand, wholesale electricity prices are at their 



 
 

91 
 

highest.  Minimizing the purchase of expensive electricity results in economic 

benefits for utilities and ratepayers alike.  In addition to increasing the cost of 

purchasing bulk power, growth in system peak demand can drive the 

construction of expensive infrastructure, such as new generation plants, 

transmission lines, and distribution lines.  For instance, the Demand Response 

and Smart Grid Coalition estimated that 10% to 20% of the cost of electricity in 

the United States is due to 100 hours of peak-demand usage (CSOR, 2014).  

According to CAISO, 15 hours of targeted, effective DR could lower system peak 

load by 5% and reduce the need for new electrical infrastructure projects to 

maintain system reliability (Goldman et al., 2010).   

Effective DR programs could also help to address system issues related to 

integration of increased renewable generation into the grid, such as over-

generation and steep ramp of generation resources (CAISO, 2016a).  As 

California achieves its renewable generation goals, overgeneration could occur 

when base generation plus available solar generation exceeds electrical demand 

during spring afternoons when higher summer air conditioning loads have yet to 

materialize.  Also, because renewable generation can start and stop rapidly with 

changing weather conditions, other generation resources will be need to be 

deployed and taken off line rapidly to meet demand.  This condition is known as 

steep ramp.  Both of these conditions create significant issues for grid managers.  

Combined with increased battery storage and EV charging, SME DR programs 

could encourage consumers to shift load to both absorb overgeneration and 

reduce steep ramp conditions (CAISO, 2016a).    
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In Chapter 1, residential IDSM programs are classified as either behavior 

or technology based (Category I and II, respectively).  Programs are further 

separated by their methods (marketing, education and outreach; feedback/cost 

signals; codes and standards/design changes; and automation) and by their 

maturity (general; focused/personalized; and managed, measured, and 

predictable).  With SM deployment, California has begun to institute some 

measured, managed, and predictable DR programs (Table 19).   

The first category of SME managed, measured, and predictable DR 

programs are behavior-based programs using cost-signals and/or incentives to 

drive consumer shifting of electrical use (Category I – Type II).  SMs have made 

these programs available system wide because the time of electrical 

consumption is now trackable.  These programs are different from earlier pilot 

programs in that installation of non-standard electrical meters or devices to track 

time of electricity use is not required.  In advance of much of the nation, 

California has already offered some residential programs focused primarily on 

critical peak pricing (CPP).  Participating customers are charged higher rates 

during anticipated critical system peak hours and lower rates during off peak 

hours or given financial incentives to reduce their use during peak demand hours 

(Goldman et al., 2010). 
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Table 19. Categories of managed, measured, and predictable DR programs in California including SME programs. 

DR 
Program 
Category 

Description Examples 

 
 

SM 
Enabled? 

Voluntary/ 
Mandatory 

Program 
Penetration 

Category I – 
Type I: 

Marketing, 
Education, 

and 
Outreach 

Public information messaging campaigns about the 
societal benefits of reducing electricity use during 
critical system peak events (e.g. during the hottest 
days of summer).  No enforcement mechanism 
included. Incorporated as part of a wider marketing, 
education, and outreach strategy.   

 California’s Flex 
Alert Program 

No Voluntary Widespread 

Category I – 
Type II: Cost 

Signals/ 
Incentives 

SME pricing and incentive-based programs where 
customers are charged different rates for electricity at 
different times of the day or given rebates for peak 
load reduction.   

 Critical peak pricing 

 Peak time rebates  

 Time-of-use pricing  

 Real-time pricing 

Yes 

Voluntary/ 
Potentially 
Mandatory 

(future) 

Limited/ 
Potentially 

Widespread 
(future) 

Category II 
– Type III: 
Codes and 
Standard/ 

Design 
Changes 

Smart-meter enabled smart appliance/device use-
restriction programs at utility control. Opt-in programs 
where customers agree to have use of smart 
appliances, air conditioning, etc. restricted during 
peak demand periods in exchange for monetary 
incentives.  

 Smart thermostat 
programs 

 Smart pool pump, 
air conditioning, 
and/or appliance 
restriction  

Yes Voluntary 

Limited/ 
Potentially 

Widespread 
(future) 

Category II - 
Type IV: 

Automation 

SME automation of DR where SMs communicate with 
smart appliances such as air conditioners or 
thermostats, or HEMS to adjust appliance use during 
peak hours in response to cost signals.   

 Smart thermostat 
programs 

 DR combined with 
HEMS and smart 
appliances 
 

Yes Voluntary 
Limited 

(Pilot Projects) 
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The next type of SME DR programs (Category II – Type I) allow utilities to restrict 

usage of customer devices (e.g. air conditioners) during system peak hours in exchange 

for financial incentives.  In the past, load restriction has been achieved via installation of 

a non-standard device on customer equipment such as air conditioning units or pool 

pumps.  Though participation in these programs has been limited, they have been 

shown to be effective at reducing peak load (CSOR, 2014).  In the future, smart 

devices, such as air conditioning, refrigeration, lighting, pool pumps, and electric water 

heaters, may communicate directly with SMs allowing utilities to restrict their use during 

critical peak periods (George et al., 2014b).  Though these programs would more than 

likely be voluntary, they could become more widespread as smart appliances become 

more prevalent.  Initial investor-owned utility (IOU) programs have combined CPP and 

peak time rebate (PTR) programs with programmable communicating thermostats 

(PCTs) to allow utilities to cycle the air conditioners of program participants during event 

hours.  Early programs of this type have shown promise to deliver effective results 

(George et al., 2014a; Perry et al., 2013).    

The last type of DR programs enabled by SMs are those relying on automation 

(Category II – Type I).  With the institution of time-of-use (TOU) or real-time pricing 

(RTP) rates, utilities can send cost signals to customer devices including integrated 

HEMS, smart appliances, smart electric vehicle (EV) chargers, and smart thermostats to 

automate the shifting of electricity use.  These programs are different from load 

restriction programs in that they do not rely on utilities to restrict use of specific devices.  

Instead, devices are can be programmed to operate at lower power levels (e.g. a higher 



 
 

95 
 

thermostat setting for air conditioning) or at different times in response to cost-signals or 

incentives.  

4.1.3. Environmental Benefits and Impacts of DR 

 

Whereas successful LR programs inherently result in environmental benefits by 

lowering electricity consumption, it is unclear whether DR programs produce 

environmental benefits.  Intuitively, if DR programs result in the avoidance of the 

construction of new generation plants and transmission facilities, it follows that the 

environmental impacts of construction activities would also be avoided.  However, 

despite plateaued per capita electricity use in California, the overall electrical demand 

for the state continues to grow (Kavalec et al., 2014).  While IDSM efforts including DR 

help to reduce the immediate need for new generation sources, it is speculative that the 

need for these facilities will be avoided in the decades that follow. Therefore, this issue 

is not addressed in this paper.   

Other questions about the environmental benefits of DR programs lend 

themselves more readily to assessment (Nemtzow et al., 2007).  First, does DR simply 

shift load to a different time of day or does it decrease overall electricity usage?  In other 

words, does DR lead to overall conservation of electricity?  And second, does DR shift 

electrical usage from times with more pollution-intensive generation sources to times 

with cleaner generation, or vice versa?   

In regard to the first question, there is evidence that DR programs could result in 

overall reduction of whole-house load in the range of 5% (Allcott, 2011; Darby et al., 

2013).  Conservation would not occur if an activity, such as doing laundry, is simply 
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shifted from peak hours to non-peak hours.  But if air conditioning is substituted with an 

alternative form of cooling, such as leaving a residence for a publically-cooled location, 

then it is feasible that some level of conservation would be achieved.  However, the 

rebound effect, where DR leads to either pre or post-event loading (e.g. heavily cooling 

a house prior to a DR event), has been documented and may offset any potential 

conservation benefits (Nemtzow et al., 2007).   

The second question addresses load shifting.  The limited studies on potential 

environmental benefits of DR indicate a possible regional-dependent benefit of DR load 

shifting.  Holland and Mansur (2008) assessed grid mixes across the country and 

reported load shifting would result in short-term benefits of reduced CO2, SO2, and NOx 

emissions in areas of the United States where peak load is met primarily by oil-fired 

generation (e.g. the Mid-Atlantic United States).   In the western region of the country, 

where hydroelectric sources contribute more to peak grid mix, they reported very small 

benefits.  Another study reported decreases in CO2, SO2, and NOx emissions from DR 

programs in New England (Keith et al., 2003).  To date, however, there has been no 

assessment of the environmental impacts and benefits of SME DR programs.   

4.1.4. Overview of Research 
 

In this research, I investigate potential environmental impacts and benefits of 

SME DR programs.  Electricity consumption and load shifting data from existing SME 

DR programs in California are utilized along with hourly electricity generation source 

data in the state to conduct this research.   
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First, the results from existing Californian SME DR programs are reviewed to 

determine whether these programs are resulting in electricity conservation in addition to 

load shifting.  Next, hourly generation source data are compiled to determine the 

greenhouse gas (GHG) intensity of grid mixes in California throughout the day.  

Combining load-shifting data from SME DR programs and grid mix GHG intensity 

results, the GHG impacts and benefits from load shifting are characterized.  The 

potential benefits and impacts for future scenarios where higher levels of renewable 

generation are integrated into the grid are also investigated.  

4.2. Methods 

 

4.2.1. System Boundary 
 

 This study builds upon the findings of the previous comparative, attributional LCA 

(ALCA) of conventional and smart electric meters by extending the system boundary of 

the SM’s life cycle to include SME DR impacts and benefits (Figure 16 and Figure 17).  

Chapter Two contains a detailed description of the methods used to yield the 

comparative ALCA results, which are used as the basis for this study.  GHG emissions 

are the focus of this analysis. SMs enable the widespread institution of DR programs 

without the installation of additional devices at customers’ homes.  As such, the impacts 

and benefits of SME DR conservation and load shifting are allocated to the SM’s life 

cycle for this research.   
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Figure 16. The three stages and consequences of the SM life cycle under study in this research. 

 

Figure 17. Process flow diagram for the SM life cycle including DR. 
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4.2.2. Data Collection: California DR Program Results 

 

 California IOUs are required by the California Public Utilities Commission 

(CPUC) to file annual reports on the efficacy of their SME EE and DR programs (SCE, 

2016).  These reports and other publically available technical reports provide 

performance data from the SME DR programs in the state for the years following 

completion of SM deployment in 2012.  These data were examined to discern whether 

these programs resulted in overall EC and to determine magnitude of any observed 

reduction in energy use.   

Data from these reports vary in granularity.  Some reports simply provide 

aggregated, system-wide annual program results.  Others provide detailed hour by hour 

load data for program participants compared with matched non-participants.  An 

example of data from the latter type is shown in Figure 18.  Average hourly load data 

from 2013 from the IOU reports were used to develop load shifting patterns and assess 

the magnitude of shifting and overall EC due to SME DR programs.  Two IOU reports 

also provide data on DR programs in combination with PCTs.  These data provide an 

opportunity to observe the potential environmental impact of automated DR.  
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Figure 18.  Sample IOU data with 2013 average load per DR event per program participant and matched 

non-participant (Data source: George et al. (2014c)). 

 

4.2.3. Data Collection: Hourly Generation Data 
 

 To assess the potential environmental impact of load shifting, hourly generation 

source data for California were compiled for the years 2012 and 2013.  CAISO posts 

hourly, California generation source data in both graphical and spreadsheet format on 

its website (CAISO, 2016b).  Tracked generation sources include the following: in-state 

thermal, nuclear, large hydroelectric, imports, and eligible renewable generation 

including geothermal, biomass, biogas, small hydroelectric, solar photovoltaic (PV), and 

solar thermal.  Refer to Figure 3 and Figure 4 in Chapter One for examples of data for 

one day.   

The goal of collecting and compiling hourly generation data is to ultimately 

calculate hourly GHG emissions factors for electrical generation in California.  This 
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requires all categories of generation to be assigned a fuel source, which necessitates 

further investigation of some of CAISO’s generation categories.  The first category is in-

state thermal.  Thermal refers to generation from fossil fuels including coal, natural gas, 

and oil.  California has converted its in-state generation to burn primarily natural gas in 

the last few decades (US EIA, 2016).  Therefore, for this analysis, in-state thermal is 

assumed to be natural gas generation.   

The imports category is more complicated to characterize.  Each of the three 

major Californian IOUs enters into contracts with out-of-state generation providers to 

supplement in-state generation.  The overall composition of imported generation is not 

tracked by CAISO, nor is it available elsewhere on an hourly basis.  Information was 

obtained from one IOU that allowed categorization of their annual imports into out of 

state pooled resources (51.3%), nuclear (22.6%), coal (21.1%), and wind (5%) (SCE, 

2014b).  This pattern is applied to statewide generation, and out of state pool purchases 

are assumed to be 50% coal and 50% natural gas.   With these assumptions, average 

hourly generation source data are calculated for several scenarios for 2012 and 2013 

including whole year, summer (defined as May through October as used by some DR 

programs), non-summer, and IOU DR event days.  Hourly generation source data is not 

available for individual utilities, so statewide generation data are utilized for analyses of 

each IOU’s DR program results.    

4.2.4. GHG Impact Assessment of Existing DR Program Results 
 

Based on generation source data, hourly GHG emission factors for the California 

grid mix are calculated for 2013 scenarios (IOU DR event days, summer, non-summer).  
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This is done using median life cycle GHG emission factors for various generation 

sources from the IPCC Special Report on Renewable Energy Sources and Climate 

(2011) (Table 20).  Hourly load data from California IOU SME DR programs are then 

combined with hourly generation GHG emissions factors to yield the overall GHG 

impact for each of the utility programs. 

 
Table 20. Median GHG emission factors for various electrical generation sources from the 2011 IPCC 

Special Report on Renewable Energy Sources and Climate. 

Generation 
Source 

GHG Emissions 
(g CO2eq/kWh) 

Hydroelectric 4 

Wind 12 

Nuclear 16 

Biomass 18 

Biogas 18 

Solar Thermal 22 

Geothermal 45 

Solar PV 46 

Natural Gas 469 

Oil 840 

Coal 1001 

 

4.2.5. GHG Impact Assessment for Future Scenarios 
 

Given California’s renewable generation goals requiring 33% of the state’s 

electricity to be from renewable resources by 2020, future DR scenarios with increased 

renewable generation are examined (CPUC, 2016e).  Due to its climate, it is likely that 

California’s renewable generation goals will be met in large part by increased solar and 

wind generation that will offset natural gas generation.  Therefore, increases in 

renewable generation are simulated using these resources.    

To create future generation scenarios, the 2013 summer average hourly 

generation pattern is used as the base generation scenario.  A multiplication factor is 
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applied to the average hourly solar and/or wind generation output, and the increased 

renewable generation is subtracted from natural gas generation until the overall average 

percentage of renewables reaches 30 percent.  Scenarios are developed where the 

increased renewable generation is provided by wind only, solar only, and an equal 

combination of both.  Hourly GHG emissions factors are calculated for each of these 

generation scenarios.  The 2013 hourly load shifting data from one California IOU’s DR 

program (CPP1) days are used to simulate the impact of DR load shifting using future 

grid mix scenarios.    

4.3. Results 

 

Table 21 summarizes current Californian IOU SME DR programs for the years 

2012 to 2015.  These programs use CPP, PTR, TOU pricing and automation to shift 

load.  When a utility triggers an event day based on weather and system forecasts, 

participants in CPP and PTR programs are incentivized to shift their electricity use from 

peak load to non-peak periods.  SM data are utilized to track participants’ load shifting.  

One IOU program (CPP1) charges participating consumers higher rates between 2 pm 

and 7 pm on event days.  The utility had between 8 to 15 event days annually between 

2012 and 2015 and had 130,000 customers enrolled by the end of 2015.  Another IOU 

offers a SME DR program (PTR2) in which customers are incentivized with rebates to 

reduce electricity use between 2 and 6 pm on event days.  The utility had between 5-8 

event days from 2012 to 2015 with enrollment of over 300,000 in 2015.  The last IOU’s 

PTR program (PTR3) had between one and seven event days between the hours of 11 

am and 6 pm over the same period.  The IOUs also offered voluntary TOU rates for 
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residential customers, which became mandatory for commercial and industrial 

customers in 2014. 

Results from these programs demonstrate participants reduced their load during 

peak demand periods.  A CPP program (CPP1) yielded peak load reductions of 13-16% 

and system-wide peak load reductions of 7 to 20 MW per event.  When combined with 

use of an air conditioning restriction program using PCTs, peak load reductions of 25-

29% were observed yielding system-wide load reductions of 9-20 MW per event.  TOU 

pricing programs also showed patterns of load reduction during events (e.g. 7-11% for 

TOU1).  

Hourly load reduction data from California IOU SME DR programs in 2013 in 

Table 22 provide details on patterns of load shifting and overall conservation amongst 

program participants (George et al., 2014a, 2014c, 2014b).  During CPP1 event days, 

79,000 participants reduced their electricity use by 15-17% compared with matched 

non-participants during event hours.  During the hours before and after events, slight 

increases in energy use of 1-3% were seen amongst participants.  Participants in the 

one event day of another IOU’s program (PTR3) also decreased their electricity use 

during the event hours (11AM-6PM) and slightly increased their consumption after the 

event for an overall 7.2 % energy reduction during its 2013 DR event day.  The system-

wide net reduction for the event was 6.7 MWh.  Another IOU reported system-wide 

reductions of 30.8 MW per hour during PTR2 event hours for its six event days in 2013 

with similar patterns of load reduction.   
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Table 21. Summary of Californian IOU SME DR programs and results. 

Program  
Type* 

Description/Notes Enrollment Incentives 
System-wide Load Reduction Per 

Event 
Number of 
Event Days 

CPP1 - 
Critical Peak 
Pricing 

Smart Rate™ Residential 
(SR): Voluntary residential 
time of use pricing between 
June and September from 
2pm to 7pm.  Some 
participants also participate in 
SmartAC,(SA) direct load 
control program 

 2012 SR Only: 38,667 
SR/SA: 22,132 

 2013 SR Only: 79,842  
SR/SA: 38,302 

 2014 SR Only: 89,061  
SR/SA: 40,279 

 2015 SR Only: 92,288 
SR/SA: 36,598 

$0.60 
surcharge 
during peak 
hours 

 2012 SR Only: 7.9 MW (14%) 
SR/SA: 9.2 MW (25%)  

 2013 SR Only: 20.5 MW (16%) 
SR/SA: 23.7 MW (29%) 

 2014 SR Only: 18.3 MW (14%) 
SR/SA: 20.4 MW (25%): 

 2015 SR Only: 19.5 MW (13%) 
SR/SA: 20 MW (25%) 

 2012:10 

 2013: 8 

 2014:12 

 2015:15 
 

TOU1 – 
Time of Use 
Pricing 

Voluntary TOU pricing for 
residential customers during 
Summer (May-October) 

 E7: Peak (12-6pm) and 
off-peak rates 

 E6: Peak (1-7pm), Partial 
Peak (10am-1pm & 7-
9pm (weekdays), 5-8pm 
(weekends)) and off-peak 
rates 

 2012 E6: 20,700 
E7 70,500 

 2013 E6: 31,000 
E7: 66,000 

 2014 E6: 44,000 
E7: 64,000 

 2015 E6: 7,762 
E7: 47,777 

Varied rates  2012 E6 & E7: 0.14 
kW/customer (10%)  

 2013 E6: 0.68 MW (11%) 
E7: 5.51 MW (7%) 

 2014 E6: 1.39 MW (14%) 
E7: 5.01 MW (7%) 

 2015 E6: 0.11-0.51 MW (8-9%) 
E7: 5.2–8.2 MW (10-12%) 

 Not 
Applicable 

PTR2 -Peak 
Time 
Rebate  

Incentive discounts for 
voluntary reduction of 
electricity use between 2-6pm 
during DR event days; 
Changed to Opt-in only in 
2014. Includes notification 
only, SM communication with 
qualifying customer device, 
and direct load control by 
utility or 3rd party.  

 2012: 3,407,123 
(Default) 

 2013: 206,000 (Opt-in) 

 2014: 362,938 

 2015: 327,997 

$0.75/kWh 
reduced 
below 
participants 
baseline 

 2012: 20.1 MW 

 2013: 30.8 MW 

 2014: 28.1 MW 

 2015: 30.4 MW 

 2012: 6 

 2013: 5 

 2014: 6 

 2015: 8 
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PTR2A – 
Peak Time 
Rebate with 
Automation 

PTR2 with PCT Pilot – 
Incentive discounts for 
voluntary reduction of 
electricity use between 2-6pm 
during DR event days and 
installation of PCT that 
communicates with SM  

 2013: 2,800 (PCT Pilot) $1.25/kWh 
reduced 
below 
participants 
baseline 

 Reductions of 0.75 kW per 
customer per hour 

 2013: 5 

CPP2 – 
Critical Peak 
Pricing  

Optional incentive program for 
residential and C&I under 200 
kW but to be mandatory for 
commercial industrial 
customers in future (possibly 
2017)  

 2012: 5 

 2013: 226  

 2014: 254 

 2015: 201 

Credit of 
1.37/kWh for 
peak load 
reduction 
during event 

 2012: 0 

 2013: 0.0 MW/event 

 2014: 0.1 MW/event 

 2015: 0.2 MW/event 
 

 Not 
available 

TOU2 – 
Time of Use 
Rates 

Optional TOU program for 
residential customers but 
mandatory for commercial 
and industrial customers in 
January 2014. 

 2012: 11,353 

 2013: 14,790 

 2014: Over 600,000  

 2015: 209,000 

Varying rates  2012: 0 

 2013: 0 

 2014: 39.9 

 2015: 24 MW/event hour  

 Not 
Applicable 

PTR3 – 
Peak Time 
Rebate 

Voluntary residential TOU 
pricing between June and 
September from 11am-6pm.   

 2012: Not available 

 2013: 57,586 

 2014: 56,270 

 2015: 74,433 

$0.75/kWh 

reduced 

below 

participants 

baseline 

 

 2012: 0.09 kW/customer (6.6%) 

 2013: 6.7 MW (7.2%) 

 2014: 5.92 MW (6.9%) 

 2015:  6.07 MW (5.4%) 

 2012: 7 

 2013: 1 

 2014: 7 

 2015: 4 

PTR3A – 
Peak Time 
Rebate with 
Automation 

Customers with PCT 
controlled by utility have A/C 
cycled 50% or thermostat 
lowered 4 degrees F between 
2pm-6pm on event days 

 2014: 1,887 

 2015: 6,602 
 

Free PCT 

with 

incentives 

from PTR3 

program at 

$1.25/kWh 

 2014: 1.16 MW (22.9%) 

 2015: 3.44 MW (21.4%) 
 

 2014: 4 

 2015: 4 

 
* Programs are labeled by type and by IOU (1, 2 or 3)
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Table 22. Summary of 2013 Californian SME DR program hourly system wide load reduction per event. 

Hour Ending  

 
System-Wide Load Reduction (MW)* 

CPP1 PTR2 PTR3 CPP1 with PCT 
PTR2 with 

PCT** 

1 0.80 -1.32 -2.00 1.92 -0.10 

2 0.80 -0.64 -0.80 1.53 -0.07 

3 0.80 -0.67 0.00 1.53 0.00 

4 0.80 -0.56 0.40 1.15 0.00 

5 1.60 -0.47 0.70 1.15 0.00 

6 0.80 -0.27 0.70 0.77 0.00 

7 0.00 -0.40 -0.50 0.00 -0.03 

8 -0.80 -0.50 -1.60 -0.77 -0.05 

9 -1.60 -0.31 -1.90 -1.15 -0.07 

10 -1.60 -0.13 -1.40 -1.15 -0.07 

11 -1.60 -0.08 -0.10 -0.77 -0.02 

12 -1.60 0.11 4.90 -0.77 0.00 

13 -0.80 0.68 6.80 -0.77 0.00 

re14 1.60 2.09 7.70 0.77 -0.75 

15 16.77 9.80 7.80 18.00 1.11 

16 19.96 12.47 7.50 23.36 1.11 

17 21.56 13.58 6.60 26.05 0.96 

18 22.36 11.94 5.20 26.43 0.85 

19 21.56 2.85 -0.10 24.90 -0.57 

20 2.40 -0.01 -2.40 -7.28 -0.18 

21 -3.99 -2.31 -3.10 -11.87 -0.11 

22 -3.99 -2.25 -2.90 -7.66 -0.18 

23 -2.40 -1.73 -2.90 -3.45 -0.07 

24 -1.60 -1.62 -1.80 -0.77 -0.11 

* IOU DR event hours are shaded.  

** Data are approximated from a graph of program results due to lack of numeric data. 

 
Hourly load data of participants of two IOU’s DR programs with PCTs (CPP1 and 

PTR2) provide an intriguing glimpse into the potential for automated DR (George et al., 

2014c, 2014a).  These devices receive signals from utilities via SMs on event days and 

respond by running air conditioning units at lower capacity during event hours (PG&E, 

2016).  Load profiles of participants with PCTs and matched non-participants of one 
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IOU program (CPP1) show a marked decrease in energy use during event hours 

(Figure 19).  The 38,302 participants with PCTs decreased their electricity use by 26-

31% during event hours.  Pre-cooling energy use increases were small (1-4%) though 

larger post event increases of 9-15% were seen in the hours immediately after the 

events.   Results for another program (PTR2) show energy use amongst participants 

with PCTs increasing 26% immediately before and 16% immediately after the event 

demonstrating programmed pre- and post-cooling of residences.  However, despite 

these increases, overall daily energy use was decreased amongst participants.   

Table 23 summarizes the 2013 system-wide load reduction results for 

California’s SME DR programs based on hourly load data.  All of the programs 

demonstrate reductions in energy use during event hours with increased use outside 

event hours between 10% and 60%.  All show a pattern of overall daily conservation in 

addition to load shifting as a result of these programs.   

 

Figure 19. 2013 average hourly load per participant in the CPP1 program with a PCT and matched non-

participant (Data source: George et al. (2014c)) 
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Table 23. Summary of system-wide daily load reduction per event for the 2013 Californian IOU SME DR 

program. 

 
 

Time Period 

 
System-wide Load Reduction with DR (MWh) 

 

 
CPP1  

 
PTR2 

 
PTR3 

 
CPP1 with 

PCT 

 
PTR2 with 

PCT 

 
Event Period 

 
102.2 

 
47.8 

 
46.5 

 
118.7 

 
4.0 

 
Non-Event Period 
 (Bounce Back)  

 

 
-10.4 

(10.2%) 

 
-7.5 

(15.8%) 

 
-19.7 

(42.4%) 

 
-27.6 

(23.2%) 

 
-2.4 

(59.1%) 

 
Whole Day 

 
91.8 

 
40.3 

 
26.8 

 
91.2 

 
1.7 

 

 Compiled California generation data for 2012 and 2013 shown in Figure 20 

display the average hourly percentages of overall generation derived from lower GHG-

intensive sources (i.e. renewable and hydroelectric generation).  These data 

demonstrate a clear pattern of increased renewable and hydroelectric generation during 

summer afternoon hours when SME DR events were initiated.  This makes intuitive 

sense because during hot summer afternoons solar facilities produce their peak output.  

It is notable that in 2013 the afternoon increase in renewable and hydroelectric 

generation was more pronounced than in 2012.  This is likely due to new solar 

generation deployed to meet California’s renewable generation goals.  During 2013 

non-summer months, renewable and hydroelectric generation peaked in the late 

morning/early afternoon.  When generation data during two utilities’ 2013 DR events 

(CPP1 and PTR2) are examined, clear peaks in renewable and hydroelectric generation 

were seen during DR event hours (Figure 21).  The percentage of renewable and 



 
 

110 
 

hydroelectric generation during event days is notably lower than average summer days 

likely reflecting increased gas peaker generation deployed to meet higher demand 

during those days.   

 
Figure 20. Hourly renewable and hydroelectric generation percentages in California for 2012 and 2013 

summer and non-summer periods. 

 

Figure 21. Hourly renewable and hydroelectric generation percentages in California for 2013 PTR2 event 

days, CPP1 event days, summer, and non-summer periods. 
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Figure 22. Average hourly generation GHG emissions factors in California for 2013 PTR2 event days, 

CPP1 event days, summer period, and non-summer period. 

 

Calculated average hourly GHG emission factors for Californian generation in 

2013 are shown in Figure 22.  The least GHG intense generation occurred in the late 

afternoon during event hours for summer months and for two utilities’ DR event days 

(CPP1 and PTR2).  Generation during event days had higher overall GHG emissions 

than summer days likely due to increased gas peaker generation.  During non-summer 

months, GHG emission intensity was minimized during the later morning/early afternoon 

hours and increased through the later afternoon into the evening.  Overall, the 2013 

generation data demonstrate that GHG gas emissions intensity was generally lower 

during SME DR event hours than non-event hours (Table 24).   
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Table 24. Summary of 2013 GHG emissions factors from Californian electrical generation during peak 

and off peak electricity demand periods. 

Time Period 

Average Grid Greenhouse Gas Emission Factors  
(kg CO2eq per MWh) 

2013 
Summer 

2013 
Non-Summer 

CPP1 
Event Days 

(2013) 

PTR2 
Event Days 

(2013) 

Peak Period                      
(2pm-7pm) 

357 368 372 376 

Off-Peak Period       
(12am-2pm; 
7pm-12am) 

371 374 384 393 

Pre-Peak Period           
(7am-2pm) 

367 365 390 394 

Post-Peak Period         
(7pm-12am) 

373 379 376 384 

Note: For consistency, peak demand period for CPP1 event hours are used to define peak period. 
PTR2 event hours end at 6pm. 

  

When load-shifting patterns and generation GHG emission data are combined, it 

is found that the 2013 SME DR events yielded system-wide reductions in GHG 

emissions (Table 25).  For instance: During event hours, system-wide GHG emissions 

that were reduced by an average of 38,003 kg CO2eq are per CPP1 event.  Though 

these reductions were offset by increased average emissions of approximately 3,997 kg 

CO2eq due to load shifting, overall daily GHG emissions of program participants were 

reduced, compared to non-participants during event days.  More pronounced peak-

period reductions (44,143 kg CO2eq) and non-peak increases (10,425 kg CO2eq) are 

seen in CPP1 event participants with PCTs.  Similar patterns are observed with other 

IOU programs in 2013.  Overall daily GHG reductions per program participants range 

from 0.17 to 0.88 kg CO2eq per event (Table 26).  The highest reductions are seen for 
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CPP1 event participants with PCTs, highlighting the potential of automated DR 

programs.  When the number of 2013 event days are factored in, annual reductions in 

GHG emissions per program participants range from 0.17 to 6.9 kg CO2eq. 

Table 25. Summary of 2013 system-wide reductions in GHG emissions observed in participants in IOU 

SME DR events in 2013. 

 
 

Time Period 

 
System-wide GHG Emissions Reduction per DR Event 

(kg CO2eq) 
 

 
CPP1 

 
PTR2 

 
PTR3  

 
CPP1 with 

PCT 

 
PTR2 with 

PCT 

 
Event Period 

 
38,003 

 
17,909 

 
17,837 

 
44,143 

 
1,512 

 
Non-Event Periods 

  
 

 
-3,997 

 
-2,999 

 
-7,803 

 
-10,425 

 
-916 

 
Whole Day 

 
34,006 

 
14,910 

 
10,035 

 
33,718 

 
596 

 
 
Table 26. Summary of reductions in GHG emissions per participant in IOU SME DR events per event and 

for 2013 in total. 

 
 

Time Period 

 
Per Participant Reduction in GHG Emissions (kg CO2eq) 

 

 
CPP1  

 
PTR2 

 
PTR3 

 
CPP1 with 

PCT 

 
PTR2 with 

PCT 

 
Event Period 

 
0.48 

 
0.114 

 
0.31 

 
1.15 

 
0.54 

 
Non-Event Periods 

  
 

 
-0.05 

 
-0.019 

 
-0.14 

 
-0.27 

 
-0.33 

 
Whole Day 

 
0.43 

 
0.095 

 
0.17 

 
0.88 

 
0.21 

 
Annual Total 

 
2.58 

 
0.48 

 
0.17 

 
6.9 

 
2.7 
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 Figure 23 shows hourly percentages of lower GHG-intensive generation for 

future scenarios where average daily renewable generation percentages in the summer 

reaches 30% by increasing only solar generation, only wind generation, and by an equal 

combination of the two.  Figure 24 and Table 27 display the resulting grid GHG 

emissions under these scenarios.  For the scenarios where solar alone and solar with 

wind are increased, renewable and hydroelectric generation is maximized and grid GHG 

emissions are minimized in the late morning and early afternoon prior to current event 

hours for SME DR programs.  GHG emission factors ramp up steadily during current 

event periods and reach their highest levels in the evening hours after the DR event.  If 

wind power alone is increased, grid GHG emission factors are highest in the morning 

hours when California’s winds tend to subside and are lowest in late night and early 

morning hours.  When the average load shifting patterns from 2013 CPP1 event days 

are applied to these future scenarios, the magnitude of system-wide GHG emission 

reductions during event hours decreases compared to 2013 reductions, but for all future 

scenarios, overall decreases in GHG emissions per event day are seen primarily due to 

DR conservation effects.   
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Figure 23. Hourly renewable and hydroelectric generation percentages in California for future scenarios 
where solar and/or wind generation are increased so that 30% of daily electrical power is generated by 
renewable resources. 

 

 
Figure 24. Hourly generation GHG emission factors in California for future scenarios where solar and/or 

wind generation are increased so that 30% of daily electrical power is generated by renewable resources. 
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Table 27. Electrical generation GHG emission factors for future scenarios in California where solar and/or 

wind generation are increased so that 30% of daily electrical power is generated by renewable resources. 

 

  
Table 28. System-wide GHG reductions for simulated scenarios where load shifting patterns from 2013 

CPP1 event days are applied to various grid mix scenarios with 30% renewable generation. 

 
 
 
 

Time Period 

 
System-wide GHG Emissions Reduction per DR Event (kg 

CO2eq) 
 

 
Future:  

Increased Solar 

 
Future:  

Increased Wind  
 

 
Future:  

Increased Solar & 
Wind 

 
Event Period 

 
27,673 

 
31,014 

 
28,713 

 
Non-Event Periods  

 
-3,075 

 
-3,346 

 
-3,159 

 
Whole Day 

 
24,598 

 
27,668 

 
25,554 

  

Lastly, the effect of shifting peak load to non-peak periods is calculated for 

various 2013 and future grid mix scenarios (Table 29).  For 2013 CPP1 and PTR2 event 

days, shifting load from peak to off-peak periods increases GHG emissions 11.6 to 16.9 

kg CO2eq for every megawatt of shifted load.  During 2013 non-summer months, 

Time Period 

Average Grid Greenhouse Gas Emission Factors  
(kg CO2eq per MWh) 

Future Scenario: 
Increased Solar 

Future Scenario: 
Increased Wind 

Future Scenario: 
Increased Solar & Wind 

Peak Period 
(2pm-7pm) 

267 304 278 

Off-Peak Period 
(12am-2pm; 7pm-12am) 

323 305 317 

Pre-Peak Period 
(7am-2pm) 

233 321 260 

Post-Peak Period 
(7pm-12am) 

373 301 351 
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emissions drop to 5.0 kg CO2 eq per MWh of shifted load.  In the future scenarios where 

solar plus wind or solar generation alone increase, emissions increase dramatically to 

38.9 and 55.7 kg CO2eq per MWh respectively for load shifting from peak to off-peak 

periods.  For load shifting to post-event periods under the future scenario with increased 

solar only, emissions increase to 106.1 kg CO2eq per MWh.  The effect of shifting peak 

load is much smaller (1.6 kg CO2eq per MWh) if only wind generation is increased. 

    

Table 29. Increased GHG emissions per MWh for load shifted from SME DR event hours to non-peak 

load hours for various 2013 and future grid mix scenarios. 

 
 

Time 
Period 

 
Increased GHG Emissions per MWh of Shifted Load (kg CO2eq/MWh) 

 

 
2013 

Summer 
 

 
2013  
Non-

Summer 

 
2013 
CPP1 

Event Days 

 
2013 
PTR2 

Event Days 

 
Future: 

Increased 
Solar 

 
Future: 

Increased 
Wind 

 
Future: 

Increased 
Wind & Solar 

 
Non-
Peak 

Periods 
 

 
 

13.4 

 
 

5.0 

 
 

11.6 
 

 
 

16.9 

 
 

55.7 

 
 

1.6 

 
 

38.9 

 
Pre-
Peak 

Period  
 

 
 

9.5 

 
 

-3.4 

 
 

17.5 

 
 

17.7 

 
 

-34.1 

 
 

17.4 

 
 

-18.1 

 
Post-
Peak 

Period 
 

 
 

15.9 

 
 

10.7 

 
 

4.0 

 
 

8.6 

 
 

106.1 

 
 

-2.4 

 
 

72.3 

Note: Non-Peak Periods are defined as 12am to 2 pm and 7pm to 12am.  Pre-peak period is 7am to 2pm. 
Post peak period is 7pm to 12am.  2013 Summer is defined as May through October.   

 

4.4 Discussion  
 

First, I find SME DR programs in California have the potential to yield overall 

conservation amongst program participants (See Table 23).  However, the observed 
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reductions are much smaller than those seen amongst participants in SME LR 

programs.  Second, I find that existing SME DR programs shift electricity use from peak 

demand periods with lower GHG intensive grid mixes to those with higher GHG intensity 

resulting in increases in GHG emissions (See Figure 22, Table 24 and Table 29).  This 

pattern will likely be exacerbated in the future as more renewable generation is 

incorporated into the grid (Table 27).  However, lastly, I find the increases in GHG 

emissions from load shifting are offset by overall load reduction from SME DR programs 

resulting in net environmental benefits (See Table 25 and Table 26).  

Based on early data from California, I conclude SME DR programs show 

potential to produce environmental benefits in the form of GHG emissions reduction.  

The ALCA in Chapter Two finds annual SM GWP impacts of 7.98 kg CO2eq per year.  

In this research, calculated GHG emissions reductions amongst SME DR program 

participants range from 0.17 to 0.88 kg CO2eq per event day in 2013.  Annual GHG 

emissions reductions range from a low value of 0.17 kg CO2eq for one program with 

only one 2013 event day to 6.9 kg CO2eq amongst CPP1 program participants with 

PCTs (Table 26).  The latter value is of similar magnitude of the annual SM life cycle 

impacts (7.98 kg CO2eq) and demonstrates that reductions in GHG emissions from DR 

programs have the potential to completely offset increased impacts from SM 

deployment.  Fully offsetting participants’ annual SM impacts would require 9 event 

days for the most effective DR program and 46 days for the least effective.  However, 

participation rates are currently low for these programs.  The existing SME DR 

programs’ GHG emission reductions averaged across millions of non-participating utility 

customers ultimately do little to offset system-wide SM impacts.   



 
 

119 
 

In the coming years, as California meets its renewable portfolio goal of 33% of 

generation from renewable sources by 2020, DR load shifting patterns will likely 

change.  Utilities may encourage consumers to shift load from evenings to afternoon 

hours of peak solar output.  During these hours, consumers can initiate EV charging, 

battery storage, and use of large appliances to absorb solar generation output to avoid 

system issues, such as overgeneration and steep ramp.  Referring to Table 27 with grid 

GHG intensities calculated using a scenario with increased wind and solar generation 

and an average daily renewable generation percentage of 30%, shifting load from 

evening to afternoon decreases GHG emissions by 73 kgCO2eq per MWh.  This 

demonstrates the potential of SME DR programs to produce greater environmental 

benefits in the future, and as these programs grow in maturity and effectiveness, so will 

their GHG reduction benefits.  

Overall, this study demonstrates that there are direct environmental benefits from 

SME DR programs.  Indirect environmental benefits from facilitating integration of 

increased renewable generation into California’s grid could dwarf direct benefits, and 

this provides another reason for focused efforts to increase the effectiveness of these 

programs.   
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CHAPTER FIVE 

Conclusion 

5.1. Introduction 
 

Darby et al. (2013) identified the ways smart grid (for which they identified the 

smart meter (SM) as a surrogate) can reduce the environmental impacts of electricity 

use.  First is by reducing demand.  Second is by reducing demand during times of peak 

load, and third is by increasing the penetration of renewable generation.  This research 

is the first to quantify the first two potential smart grid benefits by using life cycle 

assessment methods to study SM deployment in California.  Despite the promise of 

environmental benefits, I find SMs increase impacts compared with conventional meters 

(CMs) despite eliminating manual reading if the consequences of SM deployment are 

not considered.  I find that smart meter-enabled (SME) load reduction (LR) programs 

can result in substantial net environmental benefits if even low levels of consumer 

conservation are achieved. The literature on information strategies and conservation 

suggests this is plausible.  I find, despite shifting load from periods with lower 

greenhouse gas (GHG) intensive grid mixes to periods with higher GHG intensity, SME 

demand response (DR) programs can also result in net environmental benefits due to 

net reduction in electricity use amongst program participants.  Lastly, however, I find 

net, system-wide benefits from SME integrated demand side management (IDSM) 

programs in California have yet to materialize.  

There are numerous, non-environmental operational factors that, alone, could 

justify the deployment of SMs: the elimination of manual meter reading, automated 

service connection and disconnection, improvements in outage detection, and the 
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modernizing of utility billing systems.  But a selling point for many in California was that 

SM deployment would yield environmental benefits to help the state fight climate 

change.  This research demonstrates that the high potential for environmental benefits 

from SM deployment remains largely untapped in the state.  In this conclusion, I review 

my research results in light of the literature on IDSM and life cycle assessment (LCA); I 

suggest policy approaches to gain greater environmental benefits from SM deployment; 

and I suggest areas for future research.   

5.2. Overview of Findings 
  

The comparative attributional LCA (ALCA) in Chapter 1 establishes baseline 

impacts from SM deployment. The total annual increase in impacts from SM 

deployment at the utility under study amounts to 10.7 million kg CO2eq for its 4.5 million 

residential customer accounts.  This is equivalent to adding 2082 cars to Californian 

roads despite a reduction of about 5.6 million kg CO2eq per year due the elimination of 

utility meter reading trips.  Van Dam et al. (2013) reported the operation of home energy 

management systems (HEMS), which are designed to inspire conservation, creates 

GHG impacts that may be difficult to offset without sustained consumer engagement 

and conservation.  My study similarly finds that SM deployment will increase the 

environmental impacts associated with electricity use compared with the previously-

used conventional meters (CMs) in the absence of effective SME IDSM programs.   

The baseline set by the comparative ALCA allows the exploration of the 

consequences of SM deployment including a new generation of IDSM programs, and 

my research demonstrates that these programs hold great potential to yield 

environmental benefits.  In Chapter 3, a survey of literature reviews on information 
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strategies and conservation suggests that well-run SME LR programs could inspire 

significant reductions in electricity use.  For example, Delmas et al. (2013) reported 

mean conservation levels of 1.99% in higher-quality studies using information strategies 

to drive conservation.  From my research, I find much smaller levels of conservation 

(0.25%) would offset annual SM GHG impacts.  System-wide average conservation 

rates of 1% at the utility under study in Chapter 2 could yield annual reductions in GHG 

emissions of 105 million kg CO2eq; equivalent to a net reduction of 21,350 cars being 

driven in California.  When the potential impact of grid mix is explored, I find even 

greater potential for SM benefits in regions with more GHG intensive grid mixes.  

 I conclude in Chapter 4 that SME DR programs could also result in potential 

environmental benefits though they would be much smaller than those from LR 

programs.  I find that existing SME programs in California shift load from mid-afternoon 

periods with lower GHG intensive grid mixes fueled by solar power to periods with 

higher GHG intensive grid mixes.  The shifting results in increased GHG emissions, but 

because SME DR programs also lead to net daily electricity conservation, net 

reductions in GHG emissions during DR event days are found amongst program 

participants.  Annual reductions in GHG emissions from existing programs as high as 

6.9 kg CO2eq per participant using automation demonstrate the potential for effective 

SME DR programs to offset SM impacts. 

 While this research quantifies potential environmental benefits from SME IDSM 

programs, data from existing Californian programs demonstrate participation in these 

programs has limited actualization of these benefits.  The probability of one utility’s 

customers participating in one of its SME LR programs was 0.85% in 2012, and other 
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utilities in the state have had similar participation rates (SCE, 2012).  Therefore, to date, 

SM deployment has resulted in net increases in GHG impacts in California.  These 

findings argue for effective strategies and policies to improve the efficacy of SME IDSM 

programs.  Next, I suggest possible policy approaches to achieve this.  

5.3. Policy Approaches 
  

There are three primary stakeholder groups to consider when discussing SM and 

smart grid policy approaches: regulators, electric utilities, and consumers.  Each has 

their own objectives and priorities, so I consider potential policy approaches from the 

perspective of each stakeholder group.  

In California, regulators aim to ensure that reliable, affordable, and 

environmentally-sound electricity is provided to consumers (CPUC, 2011).  As part of 

the state’s wider goals to reduce GHG emissions, “California’s Energy Efficiency 

Strategic Plan January 2011 Update” calls for all stakeholders to “work collaboratively 

over the long-term to fundamentally transform the way Californians use energy at home 

and at work.”  As detailed in this research, SMs will play a key role in this 

transformation.  To realize the potential of these devices, I suggest regulators should 1) 

ensure collaborative sharing of detailed data and best practices to develop effective 

SME IDSM programs, 2) utilize mandates to drive participation in programs, and 3) 

provide incentives to hasten consumer acceptance of new technologies to automate 

IDSM.  At a national and international level, regulators and policy makers should 

prioritize support for SM programs considering the potential environmental benefits they 

may yield.  
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Data from Californian IOU SME IDSM programs demonstrate varied degrees of 

effectiveness from a net results and participation perspective (See Table 12 and Table 

21).  Sharing of data between utilities in California is occurring (e.g. CPUC DR 

workshops), but in the future, regulators should enhance the collaboration and sharing 

of data and best practices between utilities, regulators, experts, and other stakeholders 

to develop strategies to increase program effectiveness and participation rates.  

Additionally, publically available data on the results of SME IDSM programs varies in 

granularity and consistency.  Utilities offer detailed hourly program results for some 

SME DR programs (e.g. PG&E (2014c), SCE (2014a), and SDG&E (2014b)) while only 

aggregate results are available for others.  To enable collaboration between utilities, 

experts, and other stakeholders, detailed data from these programs should be publically 

available for study and analysis.   

Regulators should utilize mandates to drive more effective program results.  

Actions taken to address California’s recent historic drought provide an example of the 

power of mandates and the relative ineffectiveness of voluntary programs.  In 2015, the 

state took drastic measures to reduce water consumption setting limits for water use by 

local water districts.  As a result, cities imposed strict limits on water use including lawn 

watering and cited those violating the limits.  The results were impressive.  California 

reduced its residential water consumption drastically.  Yet, with a slight easing of 

drought conditions along with the limits on water use, state water consumption has 

begun to climb (LA Times, 2016).  The impacts from climate change are imminent, and 

they should be treated as a crisis at a state, national, and international level.  Similar to 

water conservation efforts, state mandates could increase participation in SME IDSM 
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programs and enhance conservation results.  Mandatory time-of-use (TOU), as is 

scheduled to be instituted in California in 2018, could lead to more robust DR results 

(SCE, 2016).   As renewable generation becomes more plentiful and less expensive, a 

carbon surcharge on electricity could be levied.  A surcharge could be applied when 

electricity is more GHG intensive to drive increased consumption or home-battery 

storage of renewable energy to assist with system issues related to the duck curve.  

Tiered electrical rates with more severe charges for high consumption could hasten the 

acceptance of feedback programs or other tools to reduce electricity use. 

Regulators should also consider using incentives to hasten the automation of 

IDSM.  Data from Californian SME DR programs show a clear pattern of load shifting 

and conservation amongst customers with programmable communicating thermostats 

(PCTs) connected with SMs.  In the future, smart dishwashers, EV chargers, battery 

storage devices, washing machines, and other household devices could be 

programmed to operate during times of lowest electricity cost, or when increased 

demand is needed to respond to high levels of renewable generation.  With automation, 

the energy-conscious consumer can rely on technology to drive conservation and load 

shifting.  Just as self-driving cars aim to remove the human behavior and errors from 

driving, automation can take the daily whims of the consumer out of IDSM.  However, 

automation devices, such as integrated HEMS communicating with SMs and smart 

appliances, have not had heavy penetration in the marketplace to date.  One path 

forward to hasten automation could be to provide subsidies or rebates for smart 

appliances and integrated HEMS.  This has been done previously for energy efficient 

appliances (e.g. refrigerator rebates).  The subsidizing of solar generation and of 
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compact fluorescent and LED lightbulbs provide other examples of successes ushering 

in new environmentally preferable technologies.  Savings from avoiding infrastructure 

expansion or purchasing expensive peak power could help to fund subsidies and 

incentives.  

Results of the effect of grid mix on conservation benefits from SME LR programs 

have interesting implications for addressing climate change impacts from electricity use 

on a national and international level.  Regulators and policy makers at this level should 

prioritize support for SM programs in part by the environmental benefits they can 

produce.  Stillwell et al. (2013) have noted the environmental benefits of renewable 

generation deployment depend on the type of generation it displaces.  Similarly, the 

climate change benefits of SME IDSM will depend on the GHG intensity of the electricity 

conserved.  Therefore, federal agencies, such as the U.S. Department of Energy, could 

prioritize their support for SM programs to focus on areas with the nation’s most GHG-

intensive grid mixes, such as Hawaii or the southern U.S.  Programs could be tailored to 

address culture differences, but prioritizing program funding to maximize GHG 

emissions reductions could support a nationwide effort to combat climate change. 

 Potential SM policy approaches viewed from a utility’s perspective must 

ultimately make sense financially.  Some have viewed smart grid initiatives, such as 

increased distributed solar generation in consumers’ homes and IDSM programs 

reducing electricity consumption, as “disruptive” technologies posing an existential 

threat to the electric utility industry (Kind, 2013).  Some utilities have responded by 

resisting this transformation of the utility industry (Forbes, 2015).  In California, utilities 

have gradually accepted the transformation and have developed smart grid strategies to 
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embrace distributed generation and effective IDSM programs (SCE, 2010).  This is 

partially because regulatory strategies to reduce GHG emissions include increased 

revenue opportunities for utilities, such as the electrification of the transportation sector.  

In the same way, the regulatory policy approaches suggested above require input from 

utilities and other stakeholders to make them beneficial to all and ultimately, successful 

and sustainable.  Utilities should embrace the collaboration and sharing of best 

practices with each other, regulators, experts, and other stakeholders to create effective 

IDSM programs enabled by SMs.   

Utilities should also develop strategic outreach campaigns with marketing 

research to increase the effectiveness of their programs and realize environmental 

benefits.  In Chapter 3, it was found SM impacts could be offset if 50% of a utility’s 

customer base achieve low conservation rates around 0.4% or if 10% of customers 

achieve moderate conservation rates around 2.5%, which literature on information 

strategies and conservation suggests is feasible.  Any additional levels of conservation 

beyond this would result in net environmental benefits.  Reviews on information 

strategies and conservation note that some groups, such as highly-motivated 

consumers (e.g. environmentally conscious) or higher-energy users have maintained 

high rates of conservation (Darby, 2006).  Others (e.g. low electricity users and political 

conservatives) conserved much less, or even increased their use with feedback (Costa 

and Kahn, 2013; Darby, 2006; Neenan et al., 2009).  This suggests that instead of 

widespread, general campaigns, utilities could market SME IDSM programs to sectors 

of their customer base who would be more likely to utilize these programs based on 

marketing research.  For instance, environmental groups could be targeted with climate 
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change messaging.  Utilities could conduct outreach to technical or engineering groups 

on automation.  Higher electricity users in desert regions could be targeted with 

messaging around cost savings.   

From a consumer’s perspective, SME IDSM programs should be simple to use, 

speak to their interests and concerns, and offer some kind of personal benefit.  

Individual consumers balance many different priorities including family, finances, career, 

and myriad other obligations and interests.  From the low participations rates seen in 

existing Californian DR programs enabled by SMs, it appears that managing and 

reducing electricity use is not a high priority for most consumers.   Delmas et al. (2013) 

reported the environmental impacts of their electricity use are largely invisible to most 

consumers, and I assert that most consumers probably think little about electricity until a 

utility bill arrives or electrical power is out.  For IDSM programs to be successful, they 

need to consider consumer values, attitudes, and constraints (Ek and Söderholm, 

2010).   Automation of IDSM offers not only promises of greater conservation and 

shifting results but can also provide convenience and cost savings for consumers and 

should be aggressively pursued.  Likewise, utilities, regulators, and experts should 

research consumers’ attitudes towards electricity use and conservation to inform new 

programs to address consumers’ needs and preferences.  As stated in my introduction, 

SM is the portal through which utilities and consumers can communicate.  Future 

programs should be designed to enhance this communication to yield robust IDSM 

results.   
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5.7. Future Research 
  

In this research, I utilized alternative methods to those typically used in CLCA to 

assess both the attributional and consequential impacts of SM deployment.  I 

established baseline SM impacts using an ALCA and developed scenarios based on 

literature and program results to characterize the benefits from SME IDSM programs in 

California.  In the future, this approach could be expanded to characterize the impacts 

of other smart grid components enabled by SMs including home battery storage, PCTS, 

and smart appliances.  An assessment of the potential benefits of avoiding the 

construction of new electrical facilities due to new SME DR programs is also worthy of 

exploration.  Ideally, assessments like this would be conducted prior to making policy 

decisions on large scale initiatives like SM deployment in California.  This would allow 

policy makers to assess the best options for addressing global climate change.  They 

could also use assessments to identify areas of focus to ensure initiatives are effectively 

administered and produce environmental benefits.    

5.8. Closing 
  

Deployment of SMs alone does not yield environmental benefits.  Utilities in 

California succeeded in a large scale upgrade of their electrical metering system and 

have laid the groundwork to realize untapped reductions in electricity use and 

associated GHG impacts.  Regulators and utilities need to develop effective strategies 

referencing the IDSM literature while considering consumer motivation and preferences 

to institute SM IDSM programs that are truly managed, measured, and predictable.  
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Other states and countries can learn from California’s experience to develop effective 

implementation of SME IDSM programs to combat climate change.   
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