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Abstract

Life-cycle assessment (LCA) is a decision analysis tool for evaluating the relative
environmental performance of competing services, products or system designs. LCA
uses a systems approach by quantifying material and energy inputs and environmental
outputs throughout the life-cycle of a given product or service from “cradle-to-grave”.
This quantification is called the life-cycle inventory (LCI) stage of LCA. To be of
greatest value, the decision-maker will require an indication of the uncertainty and

sensitivity associated with the LCIL.

This work presents six tools developed to improve the rigor in LCI: 1. the Relative Mass-
Energy-Economic (RMEE) method for system boundary selection and estimation of
uncertainty due to system boundaries; 2. Marginal Sensitivity Analysis; 3. Monte Carlo
Analysis for Calculating Error Propagation; 4. Monte Carlo Analysis for Combining Data
Uncertainty and System Boundary Uncertainty; S. Calculation of Confidence in Relative

Performance; and 6. Uncertainty Reduction Analysis.

The RMEE method of system boundary selection ensures comparable system boundaries
are selected for a fair comparison between systems. It also provides a practical method of
estimating uncertainty due to system boundary selection. The RMEE method defines a
system boundary by Zgmege Which is the ratio of mass, energy, and economic value of any
input in the system to the functional unit of the LCA. The underlying assumption for the
RMEE method is a direct relationship between the magnitude of environmental outputs

from a unit process and the mass, energy and economic value of its products. As a result,



RMEE has been developed and tested specifically for evaluation of energy systems where

combustion-related emissions are of primary interest.

Marginal Sensitivity Analysis and Uncertainty Reduction Analysis are tools, which
identify where time and resources should be spent on collecting data to improve the LCL
Monte Carlo Analysis provides a rigorous means to evaluate the propagation of error in
LCI. This tool provides a flexible and quantitative method, which can handle non-
normal, asymmetrical distributions of inventory data. Using the above techniques, a

confidence level in relative performance of systems can be calculated.

The tools presented for making LCI more effective are integrated and demonstrated on a
case study of four different automotive fuels: reformulated gasoline, compressed natural

gas, and two different sources of 85% blended ethanol (E8S).

Keywords:
life-cycle assessment (LCA), life-cycle inventory (LCI), cradle-to-grave, Monte Carlo
Analysis, Relative Mass-Energy-Economic (RMEE), system boundary selection,

automotive fuels, reformulated gasoline, natural gas, ethanol blended gasoline (E85)
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Chapter 1
Introduction

Chapter [ sets the context for this thesis, provides an introduction to life-cycle
assessment, states the objectives of this research, and outlines the content of each

chapter.



1.1 Setting the Context

As we enter the next century, engineering will increasingly be challenged to redesign our
energy, material, service and economic systems to become cleaner, more efficient, and
environmentally sustainable. The driving force for a “Sustainable Revolution” is a slow
realization that we are pushing the limits of the Earth’s tolerance of pollution, resource
extraction, and population as indicated by climate change, depletion of water reserves,
depletion of fish stocks, widespread deforestation, and a range of other “vital signs” [1].
A “‘Sustainable Revolution” requires holistic, long-term thinking where business and
government take a “systems” approach to making decisions. Life-cycle assessment
(LCA) is a decision making tool applicable to energy, material, service and economic

systems which forces a systems analysis to make better informed decisions.

Over the past thirty years, life-cycle assessment methodologies have developed to
become widely recognized as an effective decision making tool. This is indicated by
their widespread use across numerous industries including automotive, utility, forestry,
telecommunications, and materials [13][14] [19]. As a result, the International
Organization for Standardization (ISO) is developing international guidelines for LCA
within its [SO 14000 Environmental Management Standards [8]. The ISO process has
provided international language and a standard framework for how LCA may be
completed. ISO 14040 defines LCA as “a technique for assessing the environmental and

potential impacts throughout a product’s life” [8].

Originally the objective of this research was to evaluate a broad range of existing and
developing automotive fuels and technologies using life-cycle assessment (LCA). It
became apparent that the current methodologies of LCA were not rigorous enough to
confidently evaluate the life-cycle performance of competing fuels or any energy system
for that matter. A major gap in LCA techniques was found in evaluating the uncertainty
of results in the life-cycle inventory (LCI) stage of LCA. It was soon found that the
current techniques for selecting system boundaries in LCA did not provide a repeatable

and practical method, nor provide a means for estimating uncertainty due to system



boundary selection. In addition, it is the opinion of the author that practical tools did not
exist to properly evaluate the propagation of error in the data collection stage, called the

life-cycle inventory (LCI) stage, of LCA.

As a result, the focus of this research shifted from an engineering analysis of the
environmental performance of automotive fuels, to engineering tools to better complete
LCA. The primary objective of this research is to develop rigorous tools for system
boundary selection, identifying sensitive data values, and evaluating uncertainty in LCL
This research has resulted in the development and testing of six tools to advance LCA:
1. The Relative Mass-Energy-Economic (RMEE) Method for System Boundary
Selection,
2. Marginal Sensitivity Analysis,
Monte Carlo Analysis for Calculating Error Propagation in LCA Data,
4. Monte Carlo Analysis for Combining Data Uncertainty and System Boundary
Uncertainty,
S. Calculation of Confidence in Relative Performance, and

6. Uncertainty Reduction Analysis.

These six tools were developed and tested first on random, fully defined systems. Next,
these individual tools were integrated with the intention of contributing a practical and
rigorous method for completing the inventory assessment stage of LCA. With this newly
developed method, this research circled back to its original objective of evaluating
automotive fuels. In the end, an analysis of the relative life-cycle environmental
performance of three automotive fuels has been accomplished. More importantly, the
techniques of LCA have been advanced to better select system boundaries, identify
sensitive data values, and evaluate uncertainty in results. The RMEE method of system
boundary selection has been designed and tested specifically for LCA studies
investigating common combustion related air emissions from energy and product

systems. The remainder of the tools are suitable for broader application in LCA.



The remainder of Chapter 1 describes LCA methodologies, describes how LCA fits into
decision analysis, provides a brief history of LCA, identifies the current challenges to

overcome in the field of LCA, and defines the objectives of this research.

1.2 Decision Analysis and Life-Cycle Assessment

Decision analysis encompasses any tool or technique designed to systematically assess a
situation and provide the decision-maker with more complete information. Decision
analysis techniques do not provide answers to decisions, but they provide information to

decision-makers. As quoted by Bunn (1984) (found in [2]):

“the basic presumption of decision analysis is not at all to replace the decision
maker’s intuition, to relieve him or her of the obligations in facing the problem, or
to be, worst of all, a competitor to the decision maker’s personal style of analysis,
but to complement, augment, and generally work alongside the decision maker in
exemplifying the nature of the problem. Ultimately, it is of most value if the
decision maker has actually learned something about the problem and his or her

own decision-making attitude through the exercise.”

The objective of decision analysis is to lead to better decisions. The current global
economic, social, and environmental systems result in the need to make very complex
inter-related decisions. These decisions can affect many people, involve various trade-
offs, and must be made with inherent uncertainty. Decision analysis tools provide a
systematic approach to organizing complex problems and provide insight on the situation,

uncertainty, objectives, and trade-offs between competing alternatives [2].

The general framework for any decision analysis tool involves five steps [2][17]:
1) identify the decision to be made,
2) identify alternatives,
3) decompose the model and problem,
4) evaluate the results, and

S) make the decision.



Life-cycle assessment is a decision analysis tool, which includes each of these five steps.
Figure 1.1 shows the specific steps in LCA and where they fit into the generic framework
of decision analysis. A description of each step within LCA is provided below.

KT Analysis and LCA
KT analysis is a business decision-making tool developed by Kepner-Tregoe, Inc. which
provides a ‘“‘systematic process for making a choice” and is quite widely applied in

industry [11].

The KT decision analysis process has four basic stages [11]:
1. Clarify Purpose
e State Decision
e Develop Objectives
e Classify Objectives into Musts and Wants
e Weight the Wants

N

Evaluate Alternatives
e Generate Alternatives
e Screen Alternatives through the Musts
e Compare Altenatives against the Wants
3. Assess Risks
e Develop Adverse Consequences
e Assess Threat
4. Make Decision
e Make best balanced choice.

Like the KT approach, LCA can be applied to a broad range of decisions. Both can be
applied at differing levels of intensity with very similar general steps in completing either

analysis as shown in Table 1.1.



Table 1.1: Comparison of KT Analysis and LCA

KT Analysis Step LCA Step
Clanfy Purpose Goa! and Scope Definition
- state decision
Evaluate Altematives Inventory Assessment
Assess Risks Impact Analysis/

Design Improvement
Make Decision Make Decision
How is LCA Different?

The fundamental difference between LCA and other decision analysis tools, such as KT
Analysis is that LCA takes a systems approach to collecting and analyzing information
for decision making. This systems approach involves comparing options based on the
entire life-cycle, from “cradle-to-grave”. LCA is specifically intended to compare the
performance of competing systems which provide a specific service or product [8]. Over
the past thirty years, it has been increasingly recognized that “in a society which is
producing more people, more materials, more things, and more information than ever
before, systems engineering is indispensable in meeting the challenge of complexity.”
[15].

Furthermore, LCA is particularly well suited for comparing systems based on their
relative environmental performance. The primary objective of LCA is to present the
decision-maker with a complete system analysis of the environmental performance of
competing products or services. The results of an LCA provide the decision-maker with
more complete information on key environmental parameters, relative performance, and

pointers to areas within the system to focus on improvement.

In short, LCA is a decision analysis tool, which uses a systems analysis approach and is
primarily focused on relative environmental performance. Life-Cycle Assessment is
defined by ISO 14040 as:

*“‘a technique for assessing the environmental and potential impacts throughout a

product’s life”.



Various consultants have adapted the concepts of life-cycle thinking to form business
decision making tools which combine environmental and economic aspects. An
example, is the Pembina Institute’s method called Life-Cycle Value Assessment
[www.pembina.org]:
“Life-Cycle Value Assessment (LCVA) is a business analysis and decision-
making tool that combines potential environmental impacts for the full life-cycle

of a product or system, with financial cost-benefit information, for better

decisions.”
Decision Analysis LCA
Identify the decision
situation and Goal and
understand objectives. Scope
Definition

Identify alternatives.

v

Decompose and model

Inventory
the problem: Assessment
1. model of problem
structure. 1
2. model of uncertainty
3. model of preferences. Impact

Assessment

' )

Choose th.e best Interpretation
alternative.

Figure 1.1: Comparison of General Frameworks for Decision Analysis and LCA
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LCA Methodology
The general framework for LCA as presented by the ISO 14040 “Environmental

management — Life cycle assessment — Principles and framework” [8] is shown in Figure
1.2. Although many variations of LCA exist, they all generally follow the general

framework.

For the work presented here, a slight modification to Figure 1.2 was made with respect to
the flow of the four major steps in LCA. The modifications, shown in Figure 1.3, assume
the LCA practitioner proceeds to Impact Assessment and Interpretation only after an
Inventory Analysis is complete. Furthermore, it is assumed Inventory Analysis is
revisited only after Goal and Scope Definition is revisited. This flow is illustrated in
Figure 1.3 by the arrows returning to Goal and Scope Definition. The reasoning behind
this is the purpose of Goal and Scope Definition is to define what is to be quantified. If
the results of the Inventory Analysis do not allow for an impact analysis and
interpretation (decision making), then the goal and scope must be revisited prior (o
changing the inventory. The primary objective of this research is to develop rigorous
tools for Inventory Analysis to select system boundaries, to identify sensitive data points
in the inventory, and to provide the decision-maker with an indication of the confidence

in the results from the inventory.

Goal and Scope Definition
Goal definition and scoping are concerned with clearly describing the objectives and

extent of the LCA to be completed. The goal clearly states the intended application, the

audience, and the reason for completing the LCA.

As described by ISO 14040, scoping requires the following to be considered and clearly

described [8]:

- the functions of the product system, or, in the case of comparative studies, the
systems;

- the functional unit;

- the product system to be studied;



- the product system boundaries;

- allocation procedures;

- types of impact and methodology of impact assessment, and subsequent interpretation
to be used;

- data requirements;

- assumptions;

- limitations;

- initial data quality requirements;

- type of critical review, if any;

- type and format of the report required for the study.

The scoping stage of LCA initiates the process of thinking through the entire life-cycle of
a product or service system from raw material acquisition, through production, use and

maintenance, to final disposal.

Inventory Assessment

Inventory assessment involves collecting and calculating data to quantify relevant inputs
and outputs throughout the life-cycle system. These inputs and outputs include materials,
energy, and releases to the environment through air, water, or land. Completion of the
Inventory Assessment stage of LCA results in a “life-cycle inventory” (LCI). This
provides information for the impact assessment and interpretation, which ultimately lead
to the decision [8]. The six tools developed through this research fit into the stage of
Inventory Assessment and are designed to address system boundary selection and

uncertainty analysis in the inventory.

Impact Assessment

The objective of the impact assessment phase is to evaluate the significance of potential
environmental impact based on the inventory assessment. This normally includes a
process of assigning and modeling inventory data to environmental impact stressor
categories. The methodological and scientific framework for how impact assessment
should be completed is still in development [8]. Advancing the tools of impact

assessment is beyond the scope of this research.
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Interpretation

The interpretation phase of LCA involves bringing the results of the inventory assessment
and the impact assessment together to reach conclusions and recommendations based on
the goal of the LCA. These conclusions are fed into the decision making process.
Methods for LCA interpretation are still evolving through the ISO process.

Advancement of these methods is beyond the scope of this research.

Although the International Organization for Standardization has been involved, since
1993, in developing the framework for LCA, a number of challenges still remain in
defining specific components within the methodology to ensure credible LCAs are
completed. These challenges include:

1. system boundary selection,
sensitivity analysis,
uncertainty anlaysis,
data quality indicators,

evaluation of different environmental impacts, and

A T

interpretation of results for consistent decision making.

Because the ISO 14000 series of guidelines on environmental management are receiving
international attention by government and industry, life-cycle assessment is becoming
more widely known as an environmental management tool. It therefore becomes
important to address the above challenges as LCA becomes more broadly applied in

decision making.
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1.3 Milestones of Life-cycle Assessment

The first comprehensive, environmental life-cycle assessment type of analysis is
considered to have been conceived in 1969 by Harry E. Teasley [3][6]. At the time,
Teasely was managing the packaging operations for The Coca-Cola Company and was
deciding which type of beverage packaging to use[6]. He wanted to quantify the energy,
material and environmental consequences of the entire life-cycle of the packaging from
raw materials to final disposal [6]. To complete this work, Teasely approached the
Midwest Research Institute (MRI), a contract research organization, who completed an
evaluation of a number of packaging options available to The Coca-Cola Company. This
first study was not called an LCA but a "Resource and Environmental Profile Analysis”
(REPA) [3][6]. Although the results were never published, the study showed advantages
to switching from glass to plastic bottles [6]. Two of the primary researchers at MRI,
Bob Hunt and Bill Franklin, went on to complete other REPA studies for other

companies and government [3][6].

During the early 1970°s a number of REPA studies were completed on a broad range of
consumer products including meat trays, napkins, towels, milk containers, beer
containers, and diapers [3][6]. At this time, the focus of evaluation was on waste
management issues [6]. Due to the energy crisis, by 1975 the focus shifted from waste
management to energy consumption [6]. A number of major REPA studies were

sponsored by the U.S. government and industry [3][6].

During the 1980’s the public sector lost interest in REPA while private companies
continued to apply life-cycle thinking to product design [6]. As a result, there are very
few published studies during the 1980’s [3]. Starting in the late 1980’s, a re-awakening

of interest in life-cycle thinking began with greater public interest in environmental issues

[6].

In 1991, the term “Life-cycle Assessment” (LCA) was born when the Society of
Environmental Toxicology and Chemistry (SETAC) published “A Technical Framework
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for Life-Cycle Assessment” [4][6]. SETAC was instrumental in defining the terminology
and initial methodologies for LCA [6]. An explosion of activity in the field of LCA has
occurred during the 1990’s both in industry and government [6]. For a more complete
history of LCA refer to CURRAN’s textbook [3] and the paper presented by HUNT and
FRANKLIN [6].

The LCA framework developed through SETAC provided qualitative methods for
selecting system boundaries and evaluating data quality [4][S]. Through the 1990’s LCA
has evolved to include quantitative methods for system boundary selection and data
quality [3][10]{7][3]. Itis the author’s opinion that none of the existing methods for
system boundary selection are rigorous and practical in use. This is demonstrated in
Chapter 2 where a literature review and assessment of existing methods is completed. In
addition, there appears to be no published work or current research on the relationship
between system boundary selection and uncertainty in the results of LCA. In general,
this source of uncertainty tends to be completely ignored by current LCA work. An
objective of this research is to develop a practical means of incorporating uncertainty due

to system boundary selection into the results of LCA.

Starting in 1993, the International Organization for Standardization (ISO) brought
together LCA experts from all over the world to develop intemnational guidelines on how
to complete LCA. The recently published ISO 14040 and 14041 documents entitled
“Environmental management — Life-cycle assessment — Principles and Framework™ and
“Environmental management — Life cycle assessment — Goal and scope definition and
inventory analysis” are the guidelines covering both system boundary selection and
uncertainty analysis [8][9]. With respect to system boundary selection, the ISO
guidelines recognize the importance of ensuring comparable system boundaries are
selected in a quantitative manner [8]. However, as the author argues in Chapter 2, the
method suggested by ISO is not practical. To provide a more rigorous and practical
approach to system boundary selection for LCA, the author has invented the Relative

Mass-Energy-Economic Method for system boundary selection.
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The importance of properly assessing uncertainty in the results of an LCA is clearly
expressed in the ISO guidelines [8][9]. ISO recommends ranges or probability
distributions be used to determine the uncertainty in results but provides no guidelines on
how to complete uncertainty analysis [9]. Here, the author has developed a means to
apply Monte Carlo Analysis with the intent to provide a practical and rigorous approach
to evaluating the propagation of error in life-cycle assessment. KENNEDY et al [10]
completed initial research on the application of Monte Carlo Analysis to LCA and in
doing so identified two areas requiring further research:

1. “The final impact of the cascading uncertainty associated with the aggregation of
input data from multiple levels of LCA inventory modeling requires additional
analysis.”, and

2. “‘amethod needs to be developed to anlayze the LCA inventory model input data
to identify those data elements that significantly contribute to the variance of the
results.” [10]

The objective of the research presented here is to develop a practical method to use
Monte Carlo Analysis for uncertainty analysis and develop a method to analyze inventory

data in order to identify the most significant data points.

Because LCA is being more broadly used, the need for a rigorous method of system
boundary selection and uncertainty analysis will be in greater demand. To meet this
need, the author has built upon the work of others over the past to develop an integrated

approach to selecting system boundaries and estimating total uncertainty in LCA.
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1.4 Challenges in Life-Cycle Assessment and the Objectives of
this Research

Professional experience in the field of LCA is evolving. In any professional practice,
such as engineering or medicine, expertise is relied upon to combine professional
judgement and sets of rules for decision making. As expertise develops, the profession
evolves to develop and apply tools to supplement experience alone. A professional field
is generally considered to require a common educational background, a minimum amount
of experience, and a similar code of ethics. In established professions, this is often
regulated by law or certification by a professional body. The field of LCA is currently
best defined by the International Organization for Standardization (ISO), which does not
require any certification or qualifications for practitioners of LCA. Through ISO 14000,
LCA practitioners are moving experience towards a set of guidelines for completing
LCA. As the field of LCA continues to evolve, additional tools will be developed and
accepted by the profession to supplement professional judgement. Nevertheless, like any
systems analysis or decision analysis tool, LCA continues to involve a combination of
‘art’ and ‘science’ [16]. Like business decision making, LCA will always involve
judgement from the practitioner. The field must evolve specific tools to manage
uncertainty and operate on an agreed set of rules in order to arrive at repeatable results.
The author’s objective of this research is to advance the techniques of LCA to lead to
more repeatable LCA studies. In addition to the techniques developed here, LCA
practice must strive to ensure transparency in method and data, as well as enhanced

external verification.
First, how do we define ‘system’? The traditional definition of a system is [18]:
“a collection of parts and relations between the parts such that the behavior of the

whole is a function not only of the behaviors of the parts, but also of the relations

among them”.
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In other words, a system involves interconnections of elements where, if a change is
made to any one element, there are likely to be many subtle consequences. The behavior
of a system is determined by the rules describing the relation between inputs and outputs
[18].

Next, what is ‘system simulation’? In general usage, simulation is defined as an act or
process that provides the appearance of some part of reality [12]. As Maisel (1969)
stated, the purpose of simulation is “to attain the essence without the reality” [12].

Maisel (1972) provides a more operational definition of system simulation:

“simulation is a numerical technique for conducting experiments on a digital
computer, which involves certain types of mathematical and logical models that
describe the behavior of a business or economic system (or some component

thereof) over extended periods of time.”[12]

For the purpose of life-cycle assessment, system simulation is interested in describing the
behavior of a product or service system. LCA quantifies ‘behavior’ of the system based

on its environmental performance.

Shannon (1975) describes simulation as one of the most powerful analysis tools available

for design and study of complex processes or systems, and defines simulation as
“the process of designing a model of a real system and conducting experiments
with this model for the purpose either of understanding the behavior of the system

or of evaluating various strategies for the operation of the system.”[16].

It is in the development of the model where “art’ and ‘science’ meet, providing

significant challenges for the analyst who must balance simplicity against reality.

The major advantage of system simulation is the ability to study a real or proposed

system without actual development or modification of the system. The major obstacle to
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system simulation, and therefore LCA, is ensuring the simulation represents reality in
enough detail to provide meaningful information to the decision-maker. Simulation is
capable of giving very valuable information to decision-makers, but it is also capable of

providing very wrong and deceiving results [16].

LCA has a number of challenges to overcome in order to ensure its method of system
simulation provides valuable information for decision making. The author believes the
current major methodological challenges for LCA to overcome are:

I. system boundary selection,

2. uncertainty analysis, and

3. impact analysis.

All three challenges currently involve a large degree of subjectivity or “art” [8]. Current
professional practices for these components of LCA are not consistent or well defined.
As a result, ISO 14000 has not been successful in developing guidelines to address these
challenges. With the development of trading systems for greenhouse gases both
nationally and internationally, LCA techniques may become a very important tool to
quantify true emission reductions. To accomplish this, an accepted method of system
boundary selection and uncertainty analysis is required. This research is primarily
focused on addressing two of the three major challenges of LCA: system boundary

selection and uncertainty analysis.

Objectives of this Research

The objective of this research is to improve the engineering tool of LCA to provide better
decision making information on the relative environmental performance of options. The
research does not develop an entirely new LCA methodology, but advances the stage of
Inventory Assessment to better select system boundaries, to identify sensitive data values,
and to evaluate uncertainty in results. Because LCA is an engineering tool, the methods
developed here have continuously kept in mind the need to ensure the techniques are

practical.
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It is the objective of this thesis to contribute to the field of LCA as follows:

1. Develop a quantitative, repeatable, and practical method of selecting system
boundaries for comparison of life-cycle systems;

2. Develop an effective and rigorous method for identifying the most sensitive data
values in an LCA;

3. Develop a quantitative framework for assessing the propagation of data
uncertainty in LCA system simulation and combine this uncertainty with
uncertainty due to system boundary selection to provide an estimate of the total
uncertainty in inventory results;

4. Demonstrate these new methods of system boundary selection and uncertainty

analysis on an energy system decision: automotive fuels.

The tools developed here are applicable to the inventory assessment stage of LCA
studies. These tools have been developed with primary interest on air emissions from
combustion processes throughout the life-cycle of energy systems. Decisions regarding
energy systems may be made at various levels including new facility decisions, decision
making for expansions or technology change outs in existing facilities, or policy decision
making at the national or regional scale. The LCA practitioner must take caution in
applying the RMEE system boundary selection tool, presented here, to systems where the
environmental outputs are not directly proportional to the mass, energy or economic

value of unit process products.

This research does not attempt to:

e advance the techniques of impact assessment and therefore does not attach values
to potential impacts;

e develop techniques to estimate individual data point uncertainty. The methods
here assume either statistical analysis or professional judgement have been used
to provide an estimate in uncertainty of any particular datz; point;

e evaluate existing methods of allocating environmental outputs to multiple
products from an individual unit process in a system. As shown in the case study

in Chapter 6, allocation is completed using the economic value of products. In
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other words, environmental emissions of a unit process are allocated to its various

products based on the proportion of economic value each product generates.

In developing the tools presented here, a software package was developed using
Microsoft Access and Visual Basic. This thesis presents the techniques developed and
the methods used, but does not provide a detailed description of each module and

algorithm in the software.

1.5 Description of Chapters

This thesis is organized into seven chapters, followed by two supporting appendices.
Chapters 2 through 4 contain individual papers, which have been refereed and accepted
for journal publication. Together they present the six tools developed by the author.
Chapter 5 summarizes these six LCA tools and presents an integrated approach for their
application in LCA. Chapter 6 is a paper presenting the application of the advanced LCA
tools on three different fuels to evaluate their relative environmental performance based
on emissions of greenhouse gases, acid rain precursors, and ground level ozone
precursors. Chapter 7 presents conclustons drawn from this research. Appendix [ is an
additional refereed published paper presenting a case study on ethanol fuels. Appendix II
provides a brief description of the computer software developed to test the tools on real

and random systems. Table 1.2 presents a brief description of each chapter.
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Table 1.2: Description of Chapters

Chapter

Description

2.0 The Relative Mass-Energy-Economic | e
(RMEE) Method for System Boundary
Selection — Part 1: A Means to

A pecr-reviewed published paper which:
e  describes the challenges of system boundary
selection for LCA, and current methods in use,

Systematically and Quantitatively Select and
LCA Boundaries e presents the RMEE system boundary
methodology.

3.0 The Relative Mass-Energy-Economic | e
(RMEE) Method for LCA System
Boundary Selection — Part 2: Selecting
the Boundary Cut-off Parameter and its
Relationship to Overall Uncertainty

A peer-reviewed published paper which:

e  presents research on the relationship between the
RMEE boundary cut-off parameter and
uncertainty introduced to the results due to system
boundary selection,

e  describes the method of generating and modeling
800 different systems to identify a relationship,
and

e presents a method for estimating the confidence
one system results in less environmental
emissions than another.

4.0 Assessing Uncertainty in Life-Cycle
Assessment

4.1 Application of Monte Carlo Analysisto | e
Life-Cycle Assessment

A peer-reviewed published paper which:

e introduces the various sources of uncertainty in
LCA,

e  describes existing methods for assessing
uncertainty in LCA, and

e  presents research completed on the appropriate
use of Monte Carlo Analysis for calculating error
propagation.

4.2 Additional Analysis of Monte Carlo e  Revisits and confirms convergence of the Monte Carlo
Analysis Convergence Analysis modeling work presented in Chapter 4.2.
4.3 Non-Linearity in Modeling LCA e Discussion of how the systems modeled in LCA

become non-linear, leading to the need for a stochastic
system of evaluation such as Monte Carlo analysis,
discusses the marginal sensitivity method of
sensitivity analysis, and

compares the beta distribution to the normal
distributicn.
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Table 1.2: Description of Chapters Continued

Chapter

Description

5.0 Integrating the System Boundary and
Uncertainty Analysis Tools into the
Inventory Assessment Stage of LCA

Presents the combination of the tools from Chapters
2,3, and 4 into a concise package for completing
inventory assessment.

6.0 A Case Study Life-Cycle Assessment
(L.CA) Applying the Relative Mass-
Energy-Economic (RMEE) Method of
System Boundary Selection and Monte
Carlo Analysis to Automotive Fuels

A case-study chapter which:

e presents an application of the integrated tool set
presented in Chapter S on various alternative
automotive fuels including MTBE reformulated
gasoline, ethanol blended gasoline (E85), and
natural gas.

7.0 Conclusions

Drawing from the various chapters, a set of
conclusions from the research is presented.

Appendix I: Case Study — A Life-Cycle
Assessment of Various Feedstocks for
Ethanol Fuel

A peer-reviewed published paper which:

e  presents the research results of comparing com,
wheat and poplar trees as feedstock for producing
ethanol fuel using life-cycle assessment.

Appendix I1: Description of LCA Model

Provides description of the model developed parallel
to this research for modeling LCA systems, testing
Monte Carlo Analysis, and completing RMEE.

Appendix III: Data Sources for Fuel
Comparison

Provides detailed input and output data used in
modeling the fuel comparison of Chapter 6.
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Chapter 2

The Relative Mass-Energy-Economic (RMEE)
Method for System Boundary Selection

Part 1. A Means to Systematically and Quantitatively Select LCA
System Boundaries

Consistently selecting comparable system boundaries is essential for any fair comparison
between competing systems. To ensure a rigorous method for system boundary selection
in LCA, a repeatable and quantitative tool is required. Chapter 2 identifies the
characteristics of a “good"” system boundary selection method, reviews current practices
in the field of LCA, and introduces the Relative Mass-Energy-Economic (RMEE)

(pronounced ‘army’) methodology invented by this research.

The paper presented in Chapter 2 has been accepted for publication in the International
Journal of Life Cycle Assessment. The research shows that current methodologies lack
the ability to ensure consistent system boundaries are selected when comparing systems
Jor decision making. The RMEE method is presented with an example to demonstrate
how it is completed. For an example where the application of RMEE is compared to not
applying the method, refer to Appendix I where a LCA of various ethanol sources is

presented.
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2.1 Introduction

As life-cycle assessment (LCA) becomes a common tool to aid in making business and
policy decisions, it is crucial that the methodology become more rigorous and transparent
[Total Life-cycle Conference — 1997, 1998][1] [2]. Since decision making and design
improvement involves making choices, it is inevitable that LCA will be used to compare
alternative systems providing a similar product or service. Good selection/rejection
decisions between system options requires that systems be comparable not only in the
products or services they provide, and in data quality, but also in the depth of detail
included/excluded in each system’s analysis. In other words, it is essential to have a
rigorous method of deciding which elements, or unit processes, of a system are to be
included in an LCA analysis such that a “fair” comparison between systems results. The
LCA standards of ISO 14000 recognize this by stating,
“In comparative studies, the equivalence of the systems being compared shall be
evaluated before interpreting the results. Systems shall be compared using the
same functional unit and equivalent methodological considerations, such as
performance, system boundaries, data quality, allocation procedures, decision
rules on evaluating inputs and outputs and impact assessment.” [3].

(Note: definitions of terms used throughout this paper are provided in the next section)

Because of the importance of system boundary selection (SBS), the ISO standard requires
disclosure of the system boundary selection (SBS) method used - “The criteria used in
establishing the system boundaries shall be identified and justified in the scope of the
study.” [3].

There are several aspects or “dimensions” involved in selecting system boundaries.
System boundary dimensions identified by TILLMAN et @/ [18] are as follows:

L boundaries between the technological system and nature,

IIL. geographical area,
I11. time horizon,
IV.

production of capital goods,
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V. boundaries between the life-cycle system of the studied product (or

service) and the connected life-cycle systems of other products.

This work focuses on developing a method to select boundaries of dimension V, between
the life-cycle system of the studied product or service and the connected life-cycle
systems of inputs to the primary life-cycle system. Because the production of capital
goods can be considered a connected life-cycle system, the methodology developed in
this paper is also applicable to dimension IV of system boundary selection. Another
element of dimension V is the analysis of outputs and how they are included or excluded
in the system. Waste outputs often require further, sometimes intensive, downstream
processing (e.g. hazardous waste treatment, waste collection/ sorting/ disposal/
monitoring). The question is whether or not these processes or services are
systematically included or excluded in the boundary of the life-cycle system. Because
these services have a cost associated with them, the method proposed here is equally
applicable to answer this question. A second category of outputs requiring system
boundary consideration is co-products and by-products. These are products and non-
waste outputs, respectively, which do not contribute to the functional unit of concern [4].
Nonetheless, co-products and by-products share processes in the life-cycle stages of the
primary product system, and their contribution (or share of responsibility) needs to be
determined and properly allocated. Evaluation of allocation methods is not completed

here.

Material and energy inputs within the system boundary of an LCA typically encompass
various life-cycle stages including raw materials acquisition, manufacturing,
transportation, use/reuse/maintenance, and recycle/waste management [5]. The classical
figure, presented by FAVA et al, illustrating these boundaries is shown in Figure 2.1 [5].
The general practice and objective of system boundary selection is summarized by
BOGUSKI et al [6]:

“After all the steps that fall within the system boundaries are identified, the

practitioner may choose to simplify the LCI or LCA by excluding some steps from

the study. This must be done with extreme caution and only after the entire

system has been examined. The general rule for excluding steps from the study is
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that a step may be excluded only if doing so does not change the conclusions of

the study.”

The major difficulty of this general rule is how does one prove a step will not change the
conclusions without first completing the LCA? If one must collect data to prove this,
then why exclude the step if the data exists and has been included in the LCA?
Furthermore, to test if a particular “step” in the life-cycle affects the conclusions one
must have assumed a system boundary to begin with. In short, this rule is not practical
for LCA practitioners who must make rigorous comparative decisions with limited time
and resources. The Relative Mass-Energy-Economic method for system boundary
selection allows the LCA practitioner to select system boundaries and exclude unit
processes or “steps” from the study before examining the entire system and to do this in a

practical, repeatable and quantitative means.

The three objectives of this paper are:
1. to thoroughly review the current practice of system boundary selection in the field
of LCA,
2. to demonstrate the need for a rigorous method for selecting LCA system
boundaries, and
3. to present the development of a new system boundary selection (SBS) method
called the Relative Mass-Energy-Economic (RMEE) method for system boundary

selection.

RMEE is revealed to be practical, repeatable, and quantitative — qualities missing to

varying degrees from existing LCA system boundary selection methodologies.

2.1.1 Definition of Terms

For conciseness this paper assumes a certain level of knowledge of LCA methodology.
Because the vocabulary of LCA is currently in development and for those readers not as

familiar with LCA terms, Table 2.1 below provides definitions of terms used in this

paper.
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Table 2.1:

Definition of Terms

Word

Definition

life-cycle system

The collection of unit processes linked together by materials and energy to
provide a function associated with a product or service. E.g. the collection
of processes involved in producing ethanol fuel.

functional unit

A common unit of comparison between life-cycle systems. The functional
unit may consist of one or a combination of products and services. E.g.
for fuel ethanol production systems the common unit of comparison is a
specific amount of ethanol, animal feed, and compressed CO, captured as
a product for resale (often sold to the beverage industry) since all three are
products of the life-cycle system.

unit process An individual component in the system performing an activity within the life-
cycle of the final product or process being analyzed. E.g. a corn ethanol
conversion plant is a unit process within the entire life-cycle system.

outputs Marketable products or services from a unit process. These include the
primary product and any co-products from a specific unit process.

inputs Material, energy and service inputs to a unit process.

environmental Any form of pollution from a unit process, including air emissions, water

outputs effluents, solid waste, noise, etc...

economic value

The market value of a product or service as seen by the consumer. E.g.
the cost of automotive fuel at the pump.

capital goods

Machinery, buildings, and all other structures or infrastructure required for
the operation of a life-cycle system. Examples include: refineries, roads,
and manufacturing plants for the life-cycle system of an automotive fuel.

comparative LCA

A life-cycle assessment making a comparison between at least two different
systems for providing a defined functional unit. E.g. if the functional unit is
ethanol fuel, a comparative LCA could compare ethanol from corn, ethanol
from wheat, and ethanol from poplar trees.

system boundary
selection (SBS)

A process required by all LCA studies to decide which unit processes in a
system are to be included in the system boundary for environmental
analysis.

Relative Mass-
Energy-Economic

A method of SBS in which the relative mass, energy and economic value of
each input to each unit process is compared to the functional unit of the

SBS method system. This is the method invented and developed by the author in this
paper.
cut-off ratio A value set by the LCA practitioner to decide whether an input is to be

included in the system.

unit process
mass percentage
method of SBS

System boundaries are selected by considering the relative mass of inputs
to a given unit process and eliminating upstream processes from all inputs
contributing less than the defined cut-off ratio. Refer to Figure 2.1.

cumulative mass-
energy method of
SBS

System boundaries are selected by considering the relative mass or energy
input of a unit process to the entire system's total mass and energy inputs.
Refer to Figure 2.3.
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Figure 2.1: General LCA System Boundaries
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2.2 Characteristics of Good System Boundary Selection
Methodology

In theory, the system describing the entire “cradle-to-grave” life-cycle of a product or
process is nearly infinite. One could take a given product system to such detail as to
include the entire manufacturing and material extraction for a wheel bolt of a truck
transporting office paper to a refinery to produce gasoline, and beyond. Indirectly every
product or process is connected within the global economic web. This is not practical for
the LCA practitioner (although there is an interesting body of research developing at
Camagie-Mellon University using macro-economic input-output analysis to model the

interconnected economy and potential environmental loading)[7].

The ultimate objective of a LCA is to identify and quantify all significant environmental
outputs associated with the product or service system. As ISO 14041 states: “Resources
need not be expended on the quantification of such inputs and outputs that will not
significantly change the overall conclusions of the study.”[3]. In practice, the LCA
practitioner does not have the resources available to quantify all the environmental
outputs of all the unit processes in a system and then identify which unit processes
significantly contribute to the overall life-cycle environmental outputs of the desired
product. Due to limited time and resources for completing LCA decisions, the
practitioner must be able to draw system boundaries without having to first quantify the

environmental outputs of any unit process.

LCA can often be very subjective, potentially resulting in questionable and highly
debatable results. As a result, external verification is essential to current LCA practices.
One area of debate is often whether or not a comparative LCA is actually making a
comparison between life-cycle systems with equivalent resolution of system inputs and
outputs [1]. That is, how does one know two competing systems are be compared with
equivalent system boundaries? System boundary selection based on qualitative
parameters does not allow for repeatability, resulting in questionable results. As a result,

the SBS method must be quantitative and repeatable.
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As anyone who has completed an LCA knows, it requires significant time and resources
to complete a study. Furthermore, the general trend is to streamline LCA methods to
allow faster decision making without the need of excessive resources and time. As a
result, a good SBS method must also be simple enough to apply and aid in the efforts of
streamlining LCA.

Since the objective of an LCA is to calculate the potential environmental impact of a
system, the SBS method cannot be based only on the inputs and outputs of a unit process
without considering the significance of the role of the unit process in the life-cycle
system. The reason for this is a particular input or output to a unit process may be
significant to the unit process, but the unit process itself may not be significant to the
environmental performance of the whole life-cycle system. If the SBS method decides
which inputs should be included in a system based on the unit process alone, then
significant time will be spent collecting and analyzing data which, in the end, could be
insignificant to the decision being made about the life-cycle systems. For example,
consider a transportation unit process utilizing diesel fuel. The diesel fuel is a significant
input to this unit process but it may be insignificant relative to the life-cycle system as a

whole.

Ultimately, the selection of the system boundary affects the completeness or scope of the
life-cycle system. The system boundary discriminates between what is within the LCA
analysis and what is left outside of the LCA. To allow for a fair comparison between
systems the goal is to have systems of similar completeness. Furthermore, in general, the
more complete a system is, the greater the time and resources required to obtain and
analyze data. It is also true that 100% system completeness is not only impossible to
achieve but is also not required to make an educated decision between products or
services. As a result, a good SBS method should be able to define different levels or
measures of completeness to allow for fair comparisons, and the flexibility to complete
streamlined or more detailed LCAs. The method developed within this paper aims to

provide this.
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In summary, to be efficient and provide a repeatable and rigorous comparison between
systems, the SBS method must

1. be quantitative (i.e. qualitative judgement rules are not adequate),

2. not require the quantification of environmental outputs from every unit process in
the life-cycle system before system boundary selection,

3. be simple and allow for streamlining (i.e. the SBS method must allow for
different degrees of rigor due to varying availability of time and resources to
make decisions),

4. consider the significance of inputs and outputs relative to the system as a whole,
not only to an individual unit process,

5. provide the ability to define measurable levels of system completeness.

2.3 Current System Boundary Selection Procedures
The ISO 14040 document [8] recognizes different methods of SBS exist, and also the

potential shortfall of the mass percentage method —
“There are several criteria that are used in LCA practice to decide which inputs
will be studied, including 1)mass, 2)energy, and 3) environmental relevance.
Making the initial identification of inputs based on mass contribution alone may
result in important inputs being omitted from the study. [8] .

The following discussion reviews the various existing methods of SBS currently being

practiced.

Many LCA studies arbitrarily and qualitatively select system boundaries by considering
only the “main” life-cycle stream [9][10]. These qualitative methods do not allow for
repeatable boundaries to be selected, nor do they ensure similar boundaries are selected

for different systems.

Other LCA'’s have used the percentage of the mass of unit process mass inputs to cut
system boundaries which is a first step to a quantitative method of SBS [11]. However,
this method considers only the inputs to a given unit process with respect to its self by

calculating the percent each input contributes by mass to the total unit process inputs. A
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cut-off ratio is then chosen. The cut-off ratio is often 0.05 or 0.10 meaning any input
contributing less than this ratio is considered insignificant to the unit process and is then
not studied further upstream. The major disadvantage of this method is it considers only
the relationship of each input to a unit process and not its significance to the entire life-

cycle system.

Figure 2.2 illustrates the system boundary selection method by mass percentage of unit
process inputs where a cut-off criteria of 0.05 or 0.10 by mass would consider Input C to
be insignificant but require upstream analysis of both Input A and Input B. Although
Input A and Input B may be significant inputs to Unit Process 101, relative to the system
as a whole they may be completely insignificant. As a result, the LCA practitioner may
waste substantial time and resources searching for and analyzing data upstream of Inputs
A and B which in the end will have no impact or relevance to the end result of the
complete system analysis. On the other hand, if Unit Process 101 is near the downstream
end-point (i.e. closely linked to the functional unit), Input C could be a significant input
to the functional unit. Yet, by considering only the ratio of unit process inputs it would

be eliminated from the system with a 0.05 rule.

Obtaining data for a life-cycle assessment is often the most costly step. As a result, many
LCA studies choose system boundaries based on what data can be most readily obtained
[12]. If data for a particular unit process are considered difficult and costly to obtain, the
practitioner might be more easily persuaded to exclude it from the system boundary. The
reverse is also true, where simply because the data is available the unit process will be
included in the system boundaries. One might claim, by including these unit processes
the study is that much more complete and “detailed”. Two problems arise from including
unit processes only because the data is available:
1) A false sense of completeness or detail can be interpreted when unit processes
known to be relatively insignificant are included. The audience of the LCA study
might interpret this as the entire LCA having been investigated to a similar level

of detail.
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2) When comparing life-cycle systems for decision making it is necessary that all
systems be similarly complete [3]. The addition of unit processes with data to one
system may make that particular system more complete, but if similar detail is not
added to the other systems the comparison becomes biased.

In short, defining system boundaries based on data availability is an unacceptable method

because it is not repeatable, has no scientific justification, and is not rigorous.

The ISO critenia of “environmental relevance” is not practical because it requires one to
evaluate the environmental outputs for every unit process in a system before system
boundaries can be drawn. In other words, it requires the practitioner to have fully
completed the life-cycle inventory before system boundaries are chosen. This does not
support streamlining efforts to make LCA more time and resource efficient.
Furthermore, it requires an impact assessment to establish the “environmental relevance”
of a unit process, however, “environmental relevance” is currently a very qualitative
process [1]. This does not allow for repeatability due to the judgements required.
Although it would be advantageous to be able to select system boundaries based on the
environmental relevance of a unit process, it is not practical because of the difficulty in
quantifying in a repeatable manner the environmental relevance of a unit process before

having assessed the life-cycle system.

One criteria [ISO does not mention is selection by “economic value”. Economic value is a
very practical criteria for system boundary selection because it captures those inputs
which have very little mass or inherent energy yet have substantial upstream process
inputs (materials and energy) and associated environmental outputs. An example of these
inputs s precious metals such as gold or platinum. These materials in the use of a system
often are small in quantity (i.e. low relative mass), are not considered energy inputs, but
are very costly to the consumer. They also require a significant amount of resources
(matenals and energy) to extract and process. The economic value of the precious metals
provides a proxy for the extent of the upstream energy and material inputs. Furthermore,
as processes result in environmental impacts of significant public concern (toxins,

greenhouse gases, acid rain, water pollutants, etc.) the economic cost of managing these
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potential environmental impacts become embedded in the product. As a result, economic
value is a valid criterion for system boundary selection. However, the current economic
value of products tends not to include the cost of externalities. The LCA practitioner
must take caution in using the economic criteria for system boundary selection for
evaluations of toxic releases or other low quantity but highly environmentally significant

outputs.

The ISO methodology concentrates on mass and energy criteria and states the rules for
system boundary selection to be:
“1) Mass is an appropriate decision rule, when using mass as a criterion, would
require the inclusion in the study of all inputs that cumulatively contribute more
than a defined percentage to the mass input of the product system being modeled.
2) Energy similarly, a criterion should be established to require the inclusion in
the study those inputs that cumulatively contribute more than a defined

percentage of the product system energy inputs.” [8]

Theoretically this is a robust method of drawing system boundaries because by
considering the total life-cycle mass and energy inputs required to provide a functional
unit, one can define a percentage considered significant to include in the study. In other
words, if we know the system’s grand total of all energy inputs (Esystem Tota) and all mass
inputs (Msysiem Towt), it is possible to systematically move upstream from the functional
unit and consider each energy and mass input’s (E; and M;) contribution to the total. This
means calculating Ei, = (Ei/ Esysiem To * 100) and Mo, = (M; / Msystem Tot * 100) and
comparing these with the defined “cut-off” ratio. If either E;s, or Mjo is greater than the
cut-off ratio then one includes the input and its upstream unit process in the system
boundary. The practitioner continues to move upstream (or downstream for handling
wastes) until all E;e, and M, are less than the cut-off ratio. For example, referring to
Figure 2.3, the energy and mass flows E, and M, (inputs to unit process 1, products of
unit process 2) contribute a percentage of the total system energy and mass inputs (Esysiem
Total sMsystem Totat) Which is greater than the defined cut-off ratio, hence Unit Process 2 is

included in the system boundary. Similarly, unit processes 3, 4, and 5 are included in the
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system boundary because the material or energy flows from them (flows M;, E;, M;, E;,
M., E,) contribute an energy or mass component to the total which is also greater than the
cut-off ratio. Unit processes 6 and 7 are excluded from the LCA analysis because the
relative energy or mass contribution of the flows 5 and 6 compared to the total system

energy and mass inputs is less than the cut-off ratio.

In practice the suggested ISO method is not practical. The ISO cumulative mass-energy
method of system boundary selection is impractical due to the need to calculate the grand
totals of a system (Esystem Towl and Msysiem Towt)- In theory the grand total of energy or
mass involves the infinite sum of smaller and smaller contributions to the system. In
order to calculate the total one must first make an implicit larger system boundary. How
does one choose this initial larger boundary to calculate the totals? It is simply not
practical, if at all possible, for the LCA practitioner to attempt to calculate the total mass
and energy inputs of any given system. In short, the ISO method of system boundary

selection is rigorous and robust in theory, but in practice fails.

Another methodology, presented by BESNAINOU and COULON [13], agrees with the ISO
methodology that the mass criteria is not adequate for system boundary selection:
“So far, weight has been used as the sole cutoff criterion since this information is
always available... This is not satisfactory, however, and a set of cutoff criteria

should be used instead of a single criterion."'.

In response, their methodology defines four criteria for system boundary selection:

1. weight,

2. energy requirement,

3. toxicity (either of the component itself or due to its manufacturing process),

and

4. price.
These four criteria are used to qualitatively categorize components to the system to have
either a “negligible contribution”, “small contribution”, or “large contribution” [13].
Although this method has defined important criterion and appears to consider the system

as a whole, it remains unrepeatable due to its qualitative nature.
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Table 2.2 lists a number of LCA studies and the method of system boundary selection

chosen. None of which the author considers rigorous enough for current LCA work

because they are not quantitative. These methods rely heavily on the knowledge and

professional experience of the practitioner. As a result, the need exists for a SBS method

which is practical, repeatable, rigorous, and robust.

Table 2.2: System Boundary Selection (SBS) Methods of Various LCA Studies
Authors (Year) Quote from System Boundary SBS Method Source
Selection Section of Report
Mann, M.K,; “Very often, the determination of system | Data Availability [12]
Spath, P.L.; Craig, | boundaries is made based on data
K.R. (1996) availability, and to a large extent, this is
how the present analysis was
conducted.”
Vigon, B.; Tolle, “general material flow diagrams were Qualitative [14]
D.; Evers, P.; constructed focusing on the most Environmental
Freeman, S.; important environmental considerations | Relevance
Landucci, R. at each stage of the life-cycle”
(1996)
Hocking, M. B. No specific system boundary selection Qualitative with 9]
(1994) method provided. consideration of
relative energy use.
Hunt, R.G.; “Second-tier impacts must be Set percentage of [11]
Sellers, J.D.; investigated, but if in aggregate all of mass to total.
Franklin, W.E. the second-and third-tier operations
(1992) contribute less than 5 percent to the

total, they are excluded from the study.”

Deloite & Touche
(1991)

No specific system bounda:y selection
method provided.

Qualitative, non-
specified.

(10

Tyson, K.S; Riley,
C.J.; Humphreys,
K.K. (1993)

“We examined a number of previous
studies to determine the effect of
excluding pre- and post-operational
phases.” — The study included “Only the
operationail phase of a fuel cycle”

Energy percentage
cut-off based on
other studies.

(15]
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2.4 The Relative Mass-Energy-Economic (RMEE) Method of
System Boundary Selection
The SBS method presented below is a systematic method allowing the LCA practitioner

to work upstream from the unit process providing the functional unit. As the LCA
practitioner moves upstream a decision is made whether or not each unit process
providing a product or service is to be included in the system boundary. This method has
been termed the Relative Mass-Energy-Economic (RMEE) method for SBS. RMEE is

pronounced “army”.

2.4.1 RMEE Step-by-Step

Defining Parameters for System Boundary Selection

System boundary selection by means of a relative ratio remains or continues to be the
easiest means of determining whether or not a given unit process should be considered
within the system boundary or not. The question is, “ratio of what?””. The ratio applied
must act as a proxy for the potential upstream environmental impact of providing a given

product or service.

As discussed previously, mass ratio has been used in the past to compare the relative
contribution of inputs to a given unit process. Mass as a proxy for potential upstream
environmental impact due to the production of a product is valid because products with
significant mass require transportation, processing, and extraction of raw materials.
These processes require energy and can result in significant combustion related air
emissions. However, on its own, relative mass is inadequate because many inputs with
significant upstream environmental outputs can have little or no mass, such as natural gas

or electricity. These are significant energy inputs.
As aresult, relative energy contribution must also be considered in selecting system

boundaries. Energy content (measured by heating value) of a product as a proxy for

potential upstream combustion related air emissions is valid because the production,
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distribution, and extraction of raw materials to provide energy can result in significant

upstream emissions.

In addition to mass and energy, the RMEE method uses economic value as a third
parameter for determining whether or not to include a unit process. Economic value is an
important criteria for capturing those inputs with little mass or energy value but do have
significant upstream energy inputs and related combustion emissions. Upstream
processes that are energy or material intensive often produce costly products or services.
The economic criterion identifies these processes. For example, precious metals as an
input to a manufacturing process (or a product such as an automobile) would have a low
percentage contribution by mass or energy, but could have a significant economic
contribution. The production of precious metals is very material and energy intensive

and should often be included in the system boundaries.

The RMEE method has been developed with energy and manufacturing systems in mind
with a primary interest in air emissions resulting from combustion processes. For this
focus, mass, energy, and economic value are valid proxies for potential upstream
emissions of products. However, for LCA comparisons concerned primarily with toxic
releases, additional parameters (e.g. toxicity of materials) may be required. These
additional parameters would be designed to ensure products with a relative low mass, low
energy value, and low cost but high upstream releases of toxins, are included in the

analysis.

As the cost of monitoring, handling and managing hazardous and toxic substances
increases, the economic criteria will better capture these and require inclusion of these
unit processes in the system. In certain jurisdictions the cost of hazardous material
management will not be reflected in the price of the service or product and could result in
exclusion of a number of “small” unit processes which together may result in significant
toxic releases. Because current economic systems tend not to capture the external costs
associated with toxic releases, the RMEE method is not recommended for LCA studies

wishing to quantify toxic outputs. In the future, should external costs be better captured,
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RMEE may be more appropriate for analyzing L.CA systems with toxic emissions.
However, in its current form, RMEE is limited to energy and product life-cycle
assessments where the decision maker’s primary interest is in common combustion
related air emissions such as carbon dioxide, hydrocarbons, nitrogen oxides, and sulphur

oxides.

Similar to work by BESNAINOU and COULON [13], RMEE uses mass, energy and
economic value as criteria for system boundary selection. In the method presented by
[13] it is not clear how “negligible, small, and large contribution” is determined. Nor is it
clear whether or not one must first identify all the components of the system before one
can begin the method for system boundary selection. The Relative Mass-Energy-
Economic method presented here attempts to clarify this with a quantitative, repeatable,

and systematic method for defining the “contribution” of an input to the whole system.

Defining the Ratio for System Boundary Selection

The “contribution” considered by RMEE is the relative contribution of mass, energy or
economic value to the defined functional unit. In other words, each input is compared by
mass, energy and economic value to the total mass, energy value and economic value of
the functional unit. This allows the practitioner to clearly define a ratio to be used to
decide whether or not an upstream unit process will be included in the system boundary
or not. The lower the ratio, the larger the system boundary, and the more detail included
in the study. Because comparative systems share the same functional unit, this also
allows appropriate comparison between systems. Comparable boundaries between
systems are ensured by declaring the system boundaries to include all those unit
processes providing products or services which contribute a given amount to the
functional unit by mass, energy or economic value. The result is a quantified system

boundary, which can be repeated for different systems in a comparative LCA.

The Steps to Complete RMEE System Boundary Selection
The steps for the RMEE method are as follows:
1. Identify and define the functional unit for the LCA;
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Calculate the total mass, energy, and market economic value of the functional unit,
define these as: Mroul, Etoa and $toui respectively';

Define a system boundary “cut-off” ratio (Zrmeg). One might initially define Zgmee
as 0.20, complete the life-cycle inventory and decide whether or not more detail is
required to make a comparison. If a more detailed comparison is considered
necessary, Zrmee is lowered and the results considered again. (Refer to Table 2.9)
Begin at the unit process closest to the functional unit, with inputs a, b, c, ..etc..
Quantify the mass (M;), energy (E;) and economic value ($;) of each input (i=a,b,c).
Inputs without a meaningful mass or energy value are assigned zero (e.g. electricity is
assigned zero for mass, while most process chemicals are assigned zero for energy
since their purpose is not an energy input). Document the sources of data,
calculations, and assumptions made.

Calculate Mgaiio = Mi/MToul, Eratioc = EiEtotal, and Sratio = $i/S1our. This defines the
relative contribution of each input by mass, energy and economic value to the
functional unit.

If MRatio, ERratios OF Sratio s greater than Zgneg, then the upstream unit process of this
input is to be included in the system boundary. If neither MRaiio, ERatio, NOT SRratio iS
greater than Zgumeg, then the input is considered “cut-off” and its unit processes
upstream from it are not included in the system boundary.

Repeat the process for each input of all unit processes included in the system, until all

inputs are “cut-off”.

The procedure is shown in Figure 2.4.

The RMEE method is also used to consider inputs from capital equipment and

maintenance by considering the lifetime of capital equipment and frequency of

maintenance compared to the needs of the functional unit. The primary advantage of the

RMEE method for system boundary selection is, by defining a specified cut-off ratio,

independent LCA practitioners can select similar system boundaries for independent

analysis.

! The market value of any product or service is a fluid value due to changes in the economy. However,
LCA generally takes a “snap-shot” in time of a system for analysis, as a result a cumrent static value should
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Step 1: Define the Functional Unit

v

t  Calculate the Total Mass, Energy, Economic !
Step 2: Value of the Functional Unit ;

MrouEroar-Srou)

v

Step 3: Define a system(boundal-'y “cut-off”” ratio t

I

Select the next closest Unit Process (o the

Step 4: Functional Unit. Quantify the mass, energy

and economic value of each input (i) to the
unit process (M;, E,, §.).

v

Calculate the Relative Mass, Energy,
Step 5- Economic value of each input:
P> Mpaio =M; /Moy

Step 6:

Compare for each input. Mg Ep . o
Spaiio 10 Zpyge- For each input is

The unit process providing this input
is outside the system boundary.

Figure 2.4: The RMEE Method of Life-cycle System Boundary Selection for LCA
Purposes

be used for the market value of products or services for the RMEE method.



2.4.2 The RMEE System Boundary Selection Method Demonstrated

The RMEE method is demonstrated for a life-cycle system of the production of ethanol
from com. This example is intended to demonstrate RMEE and should not be considered
a complete LCA of ethanol fuel. (For a complete comparison between sources of ethanol
fuel refer to [17]). Figure 2.5 shows a relatively detailed system for the production of
ethanol. The entire system could have been the boundary selected; a relatively arbitrary
boundary. There is no indication or measure of how complete the system boundary is at

this point, nor if upstream unit processes have been “cut-off” at equivalent points.

Consider the RMEE technique for system boundary selection. Assume we are beginning
the LCA and have defined the functional unit to be the products from the com ethanol
plant: ethanol, distillers dried grains and solubles (DDGS) (used as cattle feed), and

carbon dioxide for the beverage industry. F ollowing the steps described above:

Step One: Define the Functional Unit

The functional unit is defined as 150 million liters of ethanol, 127,000 tonnes of distillers
dried grains and solubles (DDGS), and 97,000 tonnes of carbon dioxide. These are the

annual production rates for the given comn ethanol plant [17].

Step Two: Calculate the Total Mass, Energy and Economic Value of the

Functional Unit

Table 2.3:  Calculation of Mass, Energy and Total Economic Value of the
Functional Unit
Product Mass (kg) Energy (MJ) Economic Value ($)
Ethanol 1.19E+08 3.18E+09 $49.5 Million
DDGS 1.27E+08 1.91E+09 $27.9 Miilion
CO, 9. 7OE+07 0. 00E+00 $9.7 Million
Totals: Mros = 3.43E+08 Erca = 5.08E+09 Srem = $87.1 M_.monj

Note: The values used in this table have been obtained fr from a study being complered comparing different
sources of ethanol fuel by Raynolds et al[17].




Step Three: Define a System Boundary “Cut-Off" Ratio

For a first iteration, the cut-off ratio (Zgmee) will be defined as 0.20. (The results of

Zgmek set at 0.10 and 0.05 will also be shown for comparison.)

Step Four: Quantify the Mass, Energy and Economic Value of Each Input to the
Current Unit Process

The current unit process under investigation is the one closest to or producing the
functional unit: “Corn Ethanol Conversion™. Table 2.4 lists and quantifies the mass,
energy and economic value of each input to the corn ethanol conversion plant. For the
purpose of reporting, document the sources of data, calculations, and assumptions made.

Table 2.4: Mass, Energy and Economic Value of Inputs to the Ethanol

Conversion Unit Process for Producing the Functional Unit

input (i) Mass (M) Energy (E) Economic Value
(kg) (MJ) (1998) ($:) ($)
Corn 3.80E+08 5.51E+09 $44.8 Million
Natural Gas 8.94E+09 2.64E+09 $7.50 Million
Electricity n/a 7.20E+06 $90,000
Chemicals (Total) 2.08E+06 n/a $6.00 Million
Sodium hydroxide 8.40E+05 n/a no data
Sulphuric Acid 4.00E+05 n/a no data
Ammonia 8.40E+05 n/a no data
Water 2.20E+09 n/a $0.00
Enzymes (Total) 6.30E+05 n/a $1.00 Million
Enzyme - alpha- 1.30E+05 n/a no data
amylase
Enzyme - gluso- 5.00E+0S n/a no data
amylase
Maintenance n/a n/a $1.00 Million
Construct Plant’ no data no data $5.10 Million

Note: Values are based on the inputs required to provide the functional unit. These values have been

obtained from a study being completed comparing different sources of ethanol fuel[l7].
1. — Values for “Construct Plant” are distributed over a 30 year life span.

n/a = not applicable
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Step Five: Calculate Relative Contribution of Each Input to the Functional Unit
Totals

Table 2.5: Relative Mass, Energy, Economic Value of Each Input

Input (i) Mesio (EMi / Myoa) Erstio (ZEi / Evow) $racic (=5 / Sro)

Comn 1.10 1.08 0.51
Natural Gas 26.06 0.52 0.086
Electricity n/a 0.001 0.001
Chemicals (Total) 0.01 n/a 0.06
Sodium hydroxide 0.002 n/a < 0.06
Sulphuric Acid 0.001 n/a < 0.06
Ammonia 0.002 n/a < 0.06
Water 6.41 n/a 0.00
Enzymes (Total) 0.002 n/a 0.01
Enzyme - alpha- 0.000 n/a <0.01
amylase

Enzyme - gluso- 0.002 n/a <0.01
amylase

Maintenance n/a n/a 0.01
Construct Ethanol no data no data 0.051
Plant

Note: Values in bold are all those greater than 0.20

Note: Values may be greater than 1 due to efficiency in energy or mass transfer to the functional unit. i.e.
Most systems will require significantly more energy inputs than the energy value of the final system
products or services.

Step Six: Select those Inputs With Relative Mass, Energy, or Economic Value
Greater Than Cut-Off Ratio

By comparing the relative mass, energy and economic values from Table 2.5, with the
system boundary cut-off ratio (Zgmeg), defined here as 0.20, 0.10 and 0.0S, select all
inputs with either MRgatio, ERratio, OT $ratio greater than 0.20. This results in the inputs

shown in Table 2.6 to be followed upstream to their associated unit processes.

Table 2.6: Inputs to be Followed Upstream

For Zzuvee = 0.20 For Zpnee = 0.10 For Zauee = 0.05
Corn Comn Comn
Natural Gas Natural Gas Natural Gas
Water Water Water
Chemicals (Total)
Construct Ethanol Plant

In this case, for both 0.10 and 0.20 cut-off ratios the same inputs are to be followed

upstream. Only at a Zgmee value of 0.05 is increased detail required.
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Step Seven: Move to Next Upstream Unit Process

For the 0.20 cut-off ratio the next tier of unit processes to consider are:
Transport Corn
Transport Natural Gas
Supply Water

For the purpose of demonstration only the comn stream is followed through.

Transport Corn

The inputs to the unit process “Transport Corn” includes the corn itself, diesel fuel, the
truck, and maintenance of the truck. Using the RMEE method using ZgMmee €qual to 0.20,
the only input to be further investigated upstream from “Transport Comn” is corn, as seen
in Table 2.7 below.

Table 2.7: Relative Mass-Energy and Economics for Transport Corn

Input (i) Mg.io (EMi / Mroai) Eraio (ZEi / Evoa) Srasio (=5 / Srow) |
Com 1.1 1.08 0.51
Diesel Fuel 0.002 0.01 0.004
Truck Maintenance n/a n/a 0
Capital — Truck 0 n/a 0

Produce Corn
Table 2.8 shows the relative contribution of each input of producing corn compared to the
functional unit.

Table 2.8: Relative Mass-Energy and Economics for Corn Production

Input (i) Mzaio (EMi / Mroar) Eraio (ZEi/ Evoa) $ratio (=5 / Stow)
Land drainage n/a n/a 0.004
Machinery repairs n/a n/a 0.03
Building repairs n/a n/a 0.005 |
Fertilizer - N 0.02 n/a 0.075
Fertilizer - K20 0.0078 n/a 0.02
Fertilizer - P205 0.01 n/a 0.02
Crop protectants no data — low quantity n/a 0.05
Seed no data — low quantity n/a 0.05
Diesel 0.002 0.003 0.0038
Propane 0.02 0.06 0.0036
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As the above table shows, all inputs are “cut-off” for a cut-off ratio of 0.20 and 0.10.
When the cut-off ratio is lowered to 0.05, nitrogen fertilizer, crop protectants, and seed

are followed upstream to their unit process source.

The final system boundaries with a 0.20, 0.10, and 0.05 cut-off ratio are shown in Figure
2.5. It is only fortuitous and case specific that 0.10 and 0.20 boundaries are the same.

For an example of RMEE used in defining the system boundaries for an LCA comparing

three sources of ethanol fuel, refer to [17].

2.4.3 Selecting the RMEE Cut-off Ratio (Zruee)
Up to this point the RMEE method for system boundary selection has provided a

systematic and quantitative means to consistently select system boundaries based on a
given cut-off ratio. In other words, with a specified cut-off ratio (Zrmeg), different LCA
practitioners can complete an analysis on similar systems providing the same functional

unit and expect to obtain consistent depth in system boundaries.

However, how does one select an appropriate cut-off? The lower the Zgmee the more
expanded the system boundaries are, and the more detailed data collection must be to
complete the LCA. Appropriate selection of the cut-off ratio depends on the objective of
the LCA, the resources available to complete the LCA, and the data sources available. A
largely funded academic study with access to detailed industry data may select a cut-off
ratio of less than 0.01 to provide a detailed study. However, in general, no specific cut-

off ratio can be prescribed for all LCA studies.

From experience of applying RMEE in industry and published work [17], Table 2.9

presents three different cut-off ratios and their general appropriateness of use.
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Table 2.9: Selecting a RMEE Cut-off Ratio (Zrmee): Author experience based

generalizations
RMEE General Description Appropriate Use
Cut-off
Ratio

0.20 Q Generally captures only the primary High-level comparisons of
energy, material, and cost inputs to the systems, compiling preliminary
system. results, identifying primary unit

O Typically eliminates need to investigate processes for design
most unit processes of capital improvement.
construction (e.g. buildings for a facility,
etc.) and ancillary materials.

. 0.10 O Requires enough detail to include internal corporate decision

significant ancillary inputs. making and overall design

Q Allows practitioner to investigate and improvement.
understand the implications of more
detailed design improvements.

0.05 O Provides a very detailed analysis often Public claims for superiority of
including the cost and environmental one system over another,
implications of construction and assessing systems for
decommissioning facilities. environmental output credits,

Q Requires substantial resources to detailed engineering design
complete the life-cycle inventory. improvements.

A more scientific means of deriving the relationship between the cut-off ratio (Zrmee)
and uncertainty in the results of an LCA is presented in Part 2 of this paper “Part 2:
Selecting the Boundary Cut-off Parameter (ZrMmee) and its Relationship to Overall

Uncertainty™.

2.5 Conclusions

Based on the authors review, existing methods of selecting system boundaries do not
adequately meet the needs of current LCA practice that is quantitative, repeatable, and
streamlined. The system boundary selection methodology developed here by the author,
called the Relative Mass-Energy-Economic (RMEE) method, is a quantitative means of
consistently drawing comparable system boundaries for systems being compared in an
LCA. Because RMEE requires only knowledge of material input and output streams (not
environmental data which is most time intensive) and begins furthest downstream
working upstrearn systematically, it is far more time and resource efficient than other
system boundary selection methods. The primary difference of the RMEE method
compared to other methods of system boundary selection is that RMEE defines the

boundary based on the relative mass, energy and economic value of inputs to unit
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processes compared to the mass, energy and economic value of the functional unit of the
LCA. This leads to a more repeatable method for system boundary selection in LCA and
helps ensure comparable boundaries are set for different systems providing the same

functional unit.

The RMEE method is particularly well suited for LCA studies comparing energy or
product systems based on common combustion related air emissions. The RMEE method
is not considered suitable for studies primarily concerned with toxicity because the mass,
energy, and economic criteria for inputs do not necessarily capture unit processes with

toxic releases to the environment.

In short, RMEE:

e Allows for a fair comparison of different systems providing the same functional unit.

¢ Quantitatively defines system boundaries making it repeatable.

¢ Is simple to calculate, requiring only material, energy and service input and output
data for those unit processes that will end up in the system boundary. In other words,
time and resources are not wasted collecting or estimating environmental data for unit
processes not included in the system boundary.

e Produces input and output data that is required for the inventory analysis. Once
RMEE is completed, the material, energy and service flows within the system
boundary have been quantified, completing a significant portion of the inventory
analysis.

e Can be used to determine if capital equipment should be included in the system
boundary. The method is not limited to products, services can be considered as well.

e s designed primarily for evaluation of energy and product systems based on common

combustion air emissions.

One current shortfall of the RMEE method is the arbitrary selection of the cut-off ratio
(Zrmee). Further research is being completed to quantify the degree of uncertainty
associated with different cut-off ratios. Results of this research are presented in Part 2 of
this paper. The results enable RMEE to move the “art” of system boundary selection to

more of a “science”.
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Chapter 3

The Relative Mass-Energy-Economic (RMEE)
Method for Life-Cycle Assessment (LCA) System
Boundary Selection

Part 2: Selecting the Boundary Cut-off Parameter (Zrmee) and its
Relationship to Overall Uncertainty

As concluded in Chapter 2, a method is required for selecting the RMEE system
boundary cut-off parameter (Zpmee Cut-off Ratio) and calculating the uncertainty
associated with system boundary selection. Chapter 3 presents the results of modeling
over 800 random systems to derive a relationship between the Zppee and system
boundary uncertainty. From this, the RMEE method for system boundary selection
provides a quantitative method of estimating uncertainty in results due to system
boundary selection and combining this uncertainty with data uncertainty. Also included
is a method of quantifying the probability the mean environmental outputs of one system

are less than a competing system. This chapter begins by re-introducing the steps of
RMEE.

Chapter 3 is a paper which has been accepted for publication in the International

Journal of Life-Cycle Assessment in a slightly shortened version, but is left here in full

length to provide additional explanation.
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3.1 Introduction

Life Cycle Assessment (LCA) used as an aid to decision making compares service or
product alternatives based on their life-cycle economic costs and/or potential
environmental impacts. A key step in any life-cycle assessment is to break each
alternative into a collection of unit processes representing the life-cycle system. In
theory, each system is a collection of hundreds of thousands of unit processes. That is,
one could argue any service or product is interconnected with the entire economy. To be
of practical use, LCA must draw system boundaries and exclude certain unit processes
from its analysis. To make a fair comparison between alternative products or services,
one must ensure similar boundaries are selected for each system. The first question is
“how does one select ‘similar’ system boundaries? The second important question is,
“what effect does the selection of my system boundary have on the uncertainty in my

results”?

An answer to the first question, “how does one select similar system boundaries?”, is
provided by the related paper which presented “The Relative Mass-Energy-Economic
(RMEE) Method of System Boundary Selection — A Means to Systematically and
Quantitatively Select LCA Boundaries — Part 1”’[1]. The current paper, Part 2, focuses on
the second question, “what effect does system boundary selection have on the uncertainty
in the results of an LCA?”. Therefore, the objective is to quantify the relationship
between the system boundary cut-off parameter (Zgmee) in the RMEE method and the
boundary-related uncertainty in the final results of an LCA.

For a review of the existing methods for system boundary selection and a discussion on
the requirements of a useful and rigorous method refer to Part 1 [1] which includes a
detailed description, justification, and example of the RMEE method. The present paper
briefly describes the RMEE method and provides a simple example, but focuses on
developing the relationship between the RMEE system boundary cut-off parameter
(ZrMee) and the uncertainty in the overall results of an LCA due to system boundary

selection. The relationship between Zgymee and uncertainty is presented graphically and
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in tabular form for further application. Finally, the implications of the RMEE method for
system boundary selection are shown through an example comparison of two systems.
This example demonstrates how the mean environmental output of one system can be
compared to the mean of a competing system to calculate a confidence one system

outperforms another.

3.2 The Relative Mass-Energy-Economic (RMEE) Method
What makes the RMEE method different from other methods of system boundary

selection is that it is based on examining the ratio between inputs to a unit process and the
functional unit. In other words, the method considers each input and asks “How relevant
1s this input to the functional unit?”. If the input is considered significant to the
functional unit, then the upstream unit process providing the input is included inside the
system boundary of the LCA. If the input is considered insignificant to the functional
unit, the upstream unit processes providing the input are “‘cut-off”, that is they are
considered outside the system boundary of the LCA. In the RMEE boundary selection
method, “significance” is defined by whether the ratio of the input to the functional unit
exceeds a chosen value called the Zgmee cut-off ratio. If the ratio of input to the
functional unit is greater or equal to the Zgrmee cut-off, then the upstream unit process is
included in the system boundary. If the ratio is less than Zgumeg, the upstream unit
processes are excluded from the system boundary. Comparison between the input and
Zrmee is made using three ratios: mass, energy, and economic value. As a result, the
mass value of each input is compared to the mass of the functional unit, the energy
content of each input is compared to the energy content of the functional unit, and the
market value of each input is compared to the market value of the functional unit. If any
of the three ratios is greater than the Zgmeg cut-off then the upstream unit processes are
included in the system boundary. In the end, the RMEE method provides a repeatable
and quantitative method of selecting system boundaries for LCA studies comparing

energy or product systems with primary interest in combustion related air emissions.

Extracted from [1] the steps to apply RMEE are as follows:
1. Identify and define the functional unit for the LCA.
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2. Calculate the total mass, energy, and market economic value of the functional
unit. Define these as: Mtoul, Etow and $tow; respectively'.

3. Define a system boundary “cut-off” ratio (Zrmeg). (Selection of an appropriate
Zrmek is the subject of the remainder of this paper).

4. Begin at the unit process closest to the functional unit, with inputs a, b, c, ..etc..
Quantify the mass (M;), energy (E;) and economic value ($;) of each input
(i=a,b,c, ...). Inputs without a meaningful mass or energy value are assigned zero
(e.g. electricity is assigned zero for mass, while most process chemicals are
assigned zero for energy since their purpose is not an input to energy). Document
the sources of data, calculations, and assumptions made.

5. Calculate Mgatio = Mi/Moul, Erato = Ei/Etoul, and Sratio = S$i/S1oui- This defines the
relative contribution of each input by mass, energy and economic value to the
functional unit.

6. If MRatio, Eratio, OF Sratio iS greater or equal to Zgmee, then the upstream unit
process which provides this input is to be included in the system boundary. If
neither MRatio, ERatio, NOT Srasio is greater than Zgmee, then the input is considered
“cut-off” and the.upstream unit processes supplying it are not included in the
system boundary.

7. Repeat the process for each input of all unit processes included in the system,
until all inputs are “cut-off™.

The procedure is shown in Figure 3.1 below.

! The market value of any product or service may fluctuate due to changes in the
economy. However, LCA analysis is generally based on a time and technology “snap-
shot” of a system. A current static value should be used for the market value of products
or services for the RMEE method. When using LCA to assess future projects it is
appropriate to use the values generated through an economic analysis of the project.
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Spasio 10 Zpyeg- For each input is
Rasio Enacor O Spaio BrEatET

The unit process providing this input
is outside the system boundary.

Figure 3.1: The RMEE Method of Life Cycle System Boundary Selection for LCA
(1]

As a simple example to demonstrate how RMEE is completed, consider System A shown

in Figure 3.2, with the data for the flows between unit processes shown in Table 3.1.

A p “System A”
UP4 4 ;xz

]x; Upz PZ X
UPS '—]p X
3 fo Functional

UP1 | U°
A% X _," Unit
ups | Fegl ups |IPs

Notes: P;=Product or service e.g. steel, power, etc. from unit process
X; = environmental output from unit process “i".

Figure 3.2: Sample Process Flow Diagram to Demonstrate RMEE: “System A”

“i".

59



Table 3.1: Flow Data for System A

Product Units Mass Energy Content | Market Value
(kg / unit) (kJ / unit) ($ / unit)

Pra kg 1 10,000 10
P, kg 1 5,000 3
P; kg 1 12,000 18
P, kg 1 15,000 2
Ps kg 1 9,000 0.75
Pe kg 1 3,500 1.5
Note: For simplicity all flows in this system are materials, i.e. they

have a mass, however it is reasonable to expect services or other
products which have no mass, e.g. electricity, design services, etc.

Assume the functional unit is defined as 100 units of flow Pg,, and Table 3.2 presents the
amount of each flow required to produce the functional unit. Table 3.2 also reports the

mass, energy and economic values for each flow based on the data in Table 3.1.

Table 3.2: Flows in System A to Produce the Functional Unit
Flow | Amountin Units | Total Mass | Total Energy | Total Market
System in System in System Value
(kg) (kJ) )

Pea 100 kg 100 1,000,000 1000
P, 150 kg 150 750,000 450
P, 8 kg 8 96,000 144
Py 120 kg 120 1,800,000 240
Ps 24 kg 24 216,000 18
Pg 9 kg 9 31,500 13.5

Table 3.3 presents the calculated ratios MRgatio, ERatio, and Sgratio for each flow in System A.

Table 3.3: The Mass, Energy and Economic Ratio of Each Flow in System A to

the Functional Unit

Flow | Mguio = M/ Mtoat | Eratic = Ei/ Evomt Sratio = 3i / Stour
P, 1.50 0.75 045
P; 0.08 0.096 0.14
P, 1.20 1.80 0.24
Ps 0.24 0.23 0.019
P 0.09 0.03 0.014

Note: The bold number is the largest ratio of the three (Mpatio, Eratio, Srario) and determines at which Zrwyee
ratio the flow is “cut” from the LCA system. For example, the largest ratio for P, is the mass ratio (1.50)

therefore flow P, will not be cut from the system unless the Zayee ratio is greater than 1.50.
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Based on the results shown in Table 3.3 it is possible to apply different Zgmee ratios and

shift the system boundary. Table 3.4 illustrates for different Zgmeg ratios whether each

unit processes is within the system boundary and therefore considered in the LCA, or if it

is considered outside the system boundary. Figures 3.3, 3.4, and 3.5 illustrate the system

boundary of System A which results from different Zgymeg values.

Table 3.4: Application of Different Zgygg Cut-offs to System A
ZR.\IEE UP1 UP2 UuP3 UP4 UPS UP6 Diﬂgl"m
0.05 inside inside inside inside inside inside Figure 3.2
Mgasio > (Sratio > (ERagio > (MRgasio > (Mgasio >
0.05) 0.05) 0.05) 0.05) 0.05)
0.10 inside inside inside inside inside outside Figure 3.3
Mpago > (SRatio > (ERagio > (MRgasio > (Mgasio <
0.10) 0.10) 0.10) 0.10) 0.10)
0.15 inside inside outside inside inside Figure 3.4
Mgasio > (SRatio < (ERasic > (MRaio >
0.15) 0.15) 0.15) 0.15)
0.20 inside inside inside inside Figure 3.4
Megario > (Eratio > (MRgaiio >
0.20) 0.20) 0.20)
0.25 inside inside inside outside Figure 3.5
(Mgasio > (Erasio > Mpesio <
0.25) 0.25) 0.25)

Note: “inside” = the unit process and its associated environmental impacts are inside the system boundary
of the LCA; “outside” = the unit process is outside the system boundary for the given Zzyee and its

environmental impacts are not included in the results of the LCA.

: P

E UP4 —l; .
:]XS UPZ
Coes 1o,

System Boundary

Figure 3.3:

System Boundary for System A with Zgseg set at 0.10
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Figure 3.4: System Boundary for System A with Zgyeg set at 0.15 or 0.20

!
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Figure 3.5: System Boundary for System A with Zgwgg set at 0.25

The end result of the RMEE system boundary method for any LCA system is a quantified
system boundary determined by the chosen Zgmge ratio. Two or more systems, which
provide the same functional unit and with the same Zgyee cut-off can then be compared
because they have similar system boundaries. The questions not answered by RAYNOLDS
et al in Part 1 [1] were: “How does one select Zrmee?”’ and “What degree of uncertainty
does the system boundary selection introduce to the overall results?”’. The remainder of

this paper presents answers to these two questions.

3.3 Selecting the Appropriate Zguee Cut-off Ratio for RMEE

As shown in the example above for System A, the Zgmeg cut-off defines the system
boundary of an LCA. With a smaller Zgpmeg ratio, the system to analyze becomes larger.
As Zrumee gets larger, more unit processes are left out of the system, resulting in a smaller
analysis problem but more uncertainty as to the ‘real’ environmental performance of a
system. To be able to use LCA for decision making it is important to understand the

uncertainty in the results [2][3].
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3.3.1 Method to Derive a Relationship Between Zpyee Cut-off and
Uncertainty Introduced into LCA Due to System Boundary Selection

As the Zrmeg cut-off ratio increases, the boundaries decrease and a greater amount of
environmental outputs is not included in the final LCA results. At Zgmeg =0 the entire
theoretical system is analyzed and accounts for all environmental outputs. In other
words, as ZrMeg increases, the fraction of the true total environmental outputs measured
by the LCA decreases. At Zgmeg > 0, not all unit processes are accounted for and

therefore the true total of environmental outputs is not measured.

To find the relationship between Zgmer and the fraction of total environmental output a
stochastic modeling study was completed. Eight-hundred random LCA systems were
generated and evaluated at different Zgrmeg values using a LCA software package
developed by the principal author [see Appendix II for more details on the software].
Each system was randomly generated using rules to generate a realistic distribution of
mass, energy and economic inputs throughout the system. Four different types of systems
were evaluated, each type defined by the nature of the functional unit produced (refer to
Table 3.5). Within each type of system, systems with 50 and 100 unit processes were
used. The assumption was made that these systems of 50 and 100 unit processes
represent the true total system. The method for generating random systems is described

below.

Random System Generation

The type of functional unit provided defines each type of system, described in Table 3.5.
Type 1 is a product with a relatively high heating value (25,000 kJ/kg) and is relatively
expensive for a fuel (1 $/kg). Type II is a lower cost fuel (0.25 $/kg) with a relatively
high heating value (25,000 kJ/’kg). Type III is a product with low heating value (5,000
kJ/kg) and medium cost associated with it (100 $/kg). An example of a Type III product
might be a manufactured component or part. Finally, Type IV describes a functional unit
with a low heating value (5,000 kJ/kg) but a high cost (1000 $/kg). Throughout the

63



remainder of this paper each system type will be referred to by the nomenclature defined

in Table 3.5.
Table 3.5: The Four Types of Random Systems to be Evaluated
Systemn Type of Mass per | Energy per Market Nomenciature
Type Functional unit of unit of value per Example (Mass, Energy,
Number Unit functional | functional unit of Market Value)
unit unit functional
(kg/unit) (kJ/unit) unit ($/ unit)
[ Relatively ] 25,000 1 High value fuel or material (1,25000,1)
expensive, with higher energy value c.g.
high energy plastics.
value.
i1 Relatively 1 25,000 0.25 Low cost fuel, e.g. gasoline, (1,25000,0.25)
low cost, ethanol.
high energy
value.
It Medium 1 5,000 100 Medium cost finished (1,5000,100)
cost, low product or expensive
energy material. e.g. automotive part
v High cost, | 5,000 1000 High market value finished (1,5000,1000)
low product. e.g. electronics
energy,. components.

For each type of functional unit, 200 systems were randomly generated: 100 systems with

50 unit processes, and 100 systems with 100 unit processes. Each system was generated

by starting at the functional unit and working upstream systematically adding unit

processes to the system. To make each system as realistic as possible the following rules

were used:

The number of inputs to any unit process is from 1 to 6 with a triangular discrete

probability distribution function, which gives 3 or 4 inputs the highest probability,

and 1 or 6 inputs the lowest probability.

The mass ratio of inputs to outputs for any unit process is from 1 to 5, meaning an

optimal unit process could have 100% efficiency in mass transfer, whereas the

worst unit process is one which requires S times the mass input to generate an

output. The mass ratio is assumed to be uniformly distributed between 1 and 5.

For each unit process, mass is conserved by assuming the combined total of input
materials becomes either output products or environmental outputs (e.g.
Environmental Outputs = Total Mass of Inputs — Total Mass of Products). These

environmental outputs are assumed to be common combustion related emissions.
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e The energy efficiency of a unit process is assumed to be uniformly distributed
between 5% and 99% meaning in the best case a unit process will transfer 99% of
its input energy to the product (the difference is lost to the environment).

e The energy per kilogram of any input or output is bounded between 0 and 50
MJ/kg. In other words, no material in the system can have a heating value above
50 MJ/kg.

e The market value of flows in each system is defined by a random rate of return for
each unit process. The rate of return is assumed to be uniformly distributed
between 0 and 20%. As a result, the Total Value of Inputs to a Unit Process =
Total Value of the Product / (1 + Rate of Return).

e Co-products of a unit process are not generated for the random unit processes
because it is assumed upstream inputs and environmental outputs have been
allocated to each product. The resulting random system represents the allocation

of inputs and environmental outputs to the primary product.

Evaluation of Random Systems

Each of the 800 random systems was evaluated at different Zgnmeg cut-off ratios in order
to find a relationship between Zgymeg and the fraction of the known total environmental
output for any system. The total environmental output of each system was evaluated
using a range of Zgmeg cut-off ratios: Zrmee = 0, 0.05, 0.10, 0.15, .... 2.0. Each random
system reacts differently with respect to how much of the known total environmental
output is reported at different Zrmege values. Figure 3.6 provides an example of three
independent random realizations of Type II systems and their relationship between the

fraction of environmental output and the Zgmge cut-off.

The “true” total of environmental output for each system is found in the case where
Zrmee = 0, hence in Figure 3.6 all three systems start with 100 percent of the
environmental outputs at Zgmee = 0. As Figure 3.6 shows, different random systems of

the same system type are affected differently by varying Zgmee ratios. The measured
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output of some systems drops rapidly at low Zgrmeg, While others measure over 90% of
the total environmental output even at Zgyee =2.0. The objective here is to derive a trend
between Zrmee and the fraction of total environmental output measured, by using large

sets of random systems.

Each of the eight sets (50 and 100 unit process systems for each of the four system types)
of 100 random systems were evaluated at Zgmeg values ranging from O to 2 at increments
of 0.05. Using these results a statistical evaluation was completed to determine if there is

a significant difference between the eight sets of systems.

66



120

s [Random System-103
S 100
E
2__ 80
2 ndom System-
Y's 60
Se
Q 3
ko)
s 40
€ iﬁnsom §ystem-iﬁ i
3 20
Q
a.

(1)

0 0.5 1 1.5 2
Z- RMEE

Figure 3.6: An example of 3 Type II Systems and the Relationship Between Zgveg
Cut-Off Ratio and Fraction of the True Total Environmental Output

67



100
90
80
70
60
50
40
30
20
10

Percent of Total Environmental
Output (%)

Figure 3.7:

——Type i-50

[All eight system sets —s—Type 1-100

are grouped together. ——Type ll-50
—— Type - 100
—— Type - 50
—o— Type lil-100
——Type NV -50
—— Type IV - 100

0 0.2 04 0.6 0.8
Z - RMEE

Comparison of the mean relationship between Zgvieg and the fraction
of total environmental output for each set of 100 random systems.

68



Comparison of each set of Random Systems

Figure 3.7 shows a plot of the average result for each of the eight sets of systems. To test
the significance of the number of unit processes in a system, the mean of systems with 50
unit processes was compared to the mean of systems with 100 unit processes using T-

statistic hypothesis testing.

The statistical test applied to the mean of each Zgmeg value for each system type is shown
in Equation 3.1. The Null Hypothesis (Ho) is defined as Usp = Ujpo (the mean percent of
total environmental output of a system with 50 unit processes is the same as the mean of
a system with 100 unit processes for any given Zrmeg). The Alternative Hypothesis (Ha)
is Uso # Ujgo. The null hypothesis rejection region is defined as T < -ty and T > ty/, with
significance level a. This is a two tailed statistical test with unknown variances and does
not require equal variances between the populations [4]. Since 100 samples is relatively
large, the normal distribution is assumed in the test by the law of propagation of errors
[4]. Although the T statistic is designed for normal distributions it can be applied to non-
normal distributions as long as both samples are large enough for the central limit

theorem to be invoked [5].

Sh Sk 6.1

U = Sample mean
S = Sample standard deviation
n = Sample size

The results of the statistical test at significance level ®=0.05, show no evidence to reject
the null-hypothesis. This means it is reasonable to assume the relationship between

Zprmee and the percent of the true environmental output of a system is independent of the
number of unit processes in the system. As a result, the sets of random systems with S0

and 100 unit processes were combined for each system type (Type I, I1, III, and IV).
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Next, a comparison between each of the four types of systems was completed to
determine if all 800 random systems could be considered together. Figure 3.8 provides
an indication that the mean and 95% confidence intervals for each type of system are
fairly closely grouped. To test this, the mean values of the four different types of systems
were also compared using the statistical procedure in equation 3.1. The objective was to
evaluate whether there is a significant difference between types of systems (each type
defined by the mass, energy and market value of the functional unit). The statistical test
again showed no evidence to reject the null hypothesis that the mean values of each of the
four system types (I, II, III, IV) are equal. As a result, it is a reasonable assumption to
combine the 800 random realizations of four different types of systems in order to
calculate a mean and 95% confidence interval for the relationship between Zgyee and the

fraction of total environmental output.
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3.3.2 Results - The Relationship Between Zruce and Fraction of Total
Environmental Output

The mean and 95% confidence interval for the fraction of total environmental output
reported at different Zgymeg values is shown in Figure 3.9. This fraction of the total
environmental output is defined as Yzmean With 95% confidence interval defined between
Y znigh (high value) and Yziow (low value). Table 3.6 provides the same results with

additional information including the standard deviation and mode at each Zgmgg value.

Beyond Zgnmee = 0.5, the lower 95% confidence interval for the fraction of environmental
output measured drops below 50%. Based on the author’s experience, it is not
recommended to use Zgmeg values greater than 0.25 because too much uncertainty is
introduced to the analysis. The Zrmee values of most interest are from 0.05 through to
0.25 where more than 90% of the total environmental outputs are likely to be within the
system boundary, and the lower bound of the 95% confidence interval remains above
70%.
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Table 3.6: Mean and 95% Confidence Interval of the Fraction of Total
Environmental Output for Different Zgwgg values.

Percentage of True Total Mode Standard
Environmental Output Deviation
Cut-Off Mean High Low MRMEE Sruee
Ratio (Y z2nean) (Yazrign) (Yziow)
(Zames)
0 100.00 100.00 100.00 100 0
0.05 99.38 99.97 96.67 99.90 0.93
0.10 98.37 99.96 91.40 99.51 2.52
0.15 97.29 99.93 85.33 99.45 3.86
0.20 96.16 99.90 _80.50 99.30 5.32
0.25 94 74 99.85 74.60 98.78 7.05
0.30 93.40 99.81 68.50 97.42 8.66
0.35 91.74 99.76 62.00 97.33 10.40
0.40 90.16 99.70 52.00 97.12 11.89
0.45 88.58 99.63 44.67 96.13 13.40
0.50 87.09 99.57 42 67 9552 14,62

3.4 Application of the Results

The results presented in Figure 3.9 and Table 3.6 show a relationship between Zgmee and
the ratio of the true total environmental outputs (Yzmcan). This relationship can be used to
estimate the uncertainty in results due to system boundary selection for real LCA analysis
where the true environmental output is not known. Development of the relationship
between Zrmee and Yzmean has been made with common combustion related air
emissions. The RMEE method is well suited for these emissions because there is a strong
corelation between the three RMEE criteria (mass, energy and economic value) and
combustion emissions [1]. For LCA studies wishing to investigate toxicity issues, RMEE

1s not recommended.

Define X;; as the mean total value of a given environmental pollutant (e.g. greenhouse
gases) calculated for a given system (j) with system boundaries defined by Zgmee. The
value X7; is the mean value of an environmental output calculated through a life-cycle
inventory and will have a standard deviation and uncertainty due to data quality. Define
the 95% confidence interval for Xz; as raat (faa represents the propagation of error
throughout the system due to uncertainty in the data of individual unit processes and is

best calculated using Monte Carlo Analysis (MCA) [2]). Then, using the Y, mean Value for
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the given Zgrmee in Table 3.6, and equation 3.2, it is possible to calculate X’; (X primed)
as an approximation of the true total environmental output. X’,; represents an estimation
of the true environmental output for system j by taking into account the unit processes
outside the system boundary. This is an approximation based on observation from the
800 random systems modeled to derive the relationship between Zgmee and uncertainty in
system boundary. This equation is based on the relationship between Zgumez and the
fraction of total environmental output (Figure 3.9, Table 3.6).

X

X =— 23 (3.2)
7 Y gean /100
X’z = Approximation of the true mean of an environmental pollutant.
Xz; = Calculated environmental pollutant of system j with system
boundary defined by Zanee-

YzMean = The mean percent of the true environmental pollutant at Zgyge.

In order to calculate the total uncertainty associated with the results of an LCI, the
uncertainty due to system boundary selection must be combined with the uncertainty due
to data in the analysis (r4,i). Because the distribution of Y zumeqan is non-normal, normal
distribution statistics can not be used for combining the uncertainty from data, with the
uncertainty introduced due to system boundary selection. Figure 3.10 illustrates the type
of skewed distribution Yzmean follows. This distribution is typical for all Zgaeg values.
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To combine the uncertainty from data (rs,.) With uncertainty introduced due to the
distribution of Y ;mean, Monte Carlo Analysis has been used to calculate the mean and
uncertainty of X’z. Using equation 3.2, 1000 random variables from the distributions of
Xz; and Y ;mean are selected to generate a distribution for X’z;. From the distribution of
X’z; the mean and 95% confidence interval is calculated to provide a best approximation

of the total outputs of an environmental pollutant in an LCA.

In order to complete the Monte Carlo Analysis on equation 3.2, a probability distribution
function must be selected for Y,mcan. For this research, two probability distribution
functions were tested and compared:
1) the distribution generated numerically from the 800 random systems (illustrated
by Figure 3.10), and
2) anormal distribution centered on the mean and truncated at Y ,mcan €qual to 100
with values greater than 100 placed at the upper boundary (Y ;mean = 100), as
illustrated in Figure 3.11.

The example below shows three things:

1) as Zpmee is reduced the total uncertainty is reduced,

2) the truncated-normal distribution provides a conservative estimate of the
uncertainty when compared to the numerically generated probability distribution
function, and

3) how to complete a comparison between two random systems — System B and
System C, using the RMEE method. It is also shown how to estimate the
probability the mean environmental outputs of one system is less than a

competing system.
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3.4.1 An Example of Applying the System Boundary Factor (Y:uesn) and
System Boundary Uncertainty Estimated by RMEE

For this example, two random systems were generated consisting of 100 unit processes.
Both systems produce the same functional unit with a heating value (25 MJ/kg) and
market value ($1/kg) (Type I). These systems have been called “System B” and “System
C”. For illustrative purposes, only greenhouse gas emissions are evaluated in this

example.

The Relationship Between Overall Uncertainty and Zrmee

Figures 3.12 and 3.13 illustrate the relationship between the Zrmee value and the change
in mean greenhouse gas emissions and uncertainty for System B and System C. As the
Zrmee value increases the analy_sis becomes less detailed and more unit processes or
sources of pollutants are left outside the system boundary. The RMEE method increases

the uncertainty in results as Zrmge increases to reflect the change in system boundary.
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Figure 3.12: The relationship between the Zgyeg value and mean with 95%
confidence interval for System B. At Zgwygg = 0, the only source of
uncertainty is from uncertainty in the data.
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Figure 3.13: The relationship between the Zgwyge value and mean with 95%
confidence interval for System C. At Zgmge = 0, the only source of
uncertainty is from uncertainty in the data.
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Comparison of Applying the Numerically Generated Probability Distribution
Function and the Truncated-Normal Distribution

For widespread application of the RMEE method, the tool must be practical. As a result,
it is desirable to utilize a probability distribution function, which approximates the
numerically generated distribution from this research. It is generally accepted that the
normal distribution is one of the more readily applied distributions in engineering and
science. To approximate the skewed distribution of Yzuesn, this analysis uses a normal
distribution truncated at Yzmesn=100 where any values greater than 100 are placed at the
100 boundary. Figure 3.11 illustrates the distribution being used compared to the shape of
the numerically generated distribution illustrated in Figure 3.10.

Figure 3.14a illustrates the difference between using the numerically generated
probability distribution function for Yzumean in equation 3.2 and using a truncated-normal
distribution. The comparison tends to indicate that using the truncated-normal
distribution results in a more conservative approximation of the 95% confidence interval.
Figure 3.14a also shows that as Zgmee increases, the overestimation of the truncated-
normal increases. At Zgmeg = 0.50, use of the truncated-normal distribution greatly
overestimates the uncertainty estimated by the numerically generated distribution.
However, at Zrumee values between 0.05 and 0.25 (these are the values of Zrmee of most
interest — see section 3.3.2 above), use of the truncated-normal distribution provides a
conservative representation of the numerically generated distribution, but does not appear
to greatly overestimate the uncertainty. Both the numerically generated distribution and
the truncated normal distribution of uncertainty tend to follow a semi-log process as

Zrmee increases. This is shown in Figure 3.14b.

Because the truncated-normal distribution results in a conservative approximation of the
95% confidence interval and is relatively easy to generate, it is recommended that this
distribution be applied for the RMEE method. This will help ensure the RMEE method is
practical for LCA application. As a result, the remainder of this research applies the
truncated-normal distribution for the distribution of Yzmean when applying Monte Carlo

Analysis to equation 3.2.
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Figure 3.14a: Comparison of applying the Truncated-Normal (Trunc Norm)
distribution function to the numerically generated distribution
function (Num) for various Zgygg values. The values shown represent
the mean and 95% confidence interval for System B.
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Figure 3.14b: Log-Normal plot comparing the Truncated-Normal (Trunc Norm)
distribution function to the numerically generated distribution
function (Num) for various Zpvgg values. The values shown represent
the mean and 95% confidence interval for System B.

Applying the RMEE Method to Compare Two Systems

Consider the LCA practitioner who decides to begin with a Zgmge value of 0.25. This
means any flow in the system with a mass, energy and market value which is less than
one-quarter of the functional unit’s mass, energy and market value will be left outside the
system boundary. The calculated results at Zgymeg =0.25 for System B and System C are
shown in Figure 3.15 with mean (X3s;) and uncertainty (rs.a). These results are based
only on the calculation of greenhouse gases from available data. No adjustment has been
made to the results for system boundary selection. The results show System C to result in

less greenhouse gases with partial overlap of uncertainties.
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Figure 3.15: Mean and 95% Confidence Interval of System B and System C at
Zgrueg = 0.25 before adjusting for system boundary selection.

The next step is to adjust the initial calculated mean and uncertainty to take into account
system boundary selection. This is accomplished by using Monte Carlo Analysis to
combine the distribution of Y>smean and the distribution of Xss; for each system. The
“RMEE Adjusted” comparison between System B and C after accounting for the system
boundary are shown in Figure 3.16. This result has been generated using the truncated-

normal probability distribution function for Y2smean.
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Figure 3.16: RMEE Adjusted Comparison of the mean and 95% confidence
interval of greenhouse gases from System B and System C at
Zrmee=0.25 using the truncated-normal probability distribution
function.

The results at Zrmee =0.25, illustrated in Figure 3.16, show a significant overlap of
uncertainties. Although a decision maker may typically visually assess the degree of
overlap in uncertainty and a make a decision, it is helpful to quantify the probability one

option results in less environmental output than another.

One can quantify the probability that Systemn C is less than System B. If the results from
each system are normally distributed with the same standard deviations, one can use the
normal distribution tables to quantify the probability the mean emissions from System C
are less than the mean emissions from System B. Area (I) in Figure 3.17 represents this

probability.

However, because the distribution of Xz;’ is not normal, Area (I) is best approximated by
placing the results of the Monte Carlo Analysis into histograms and numerically
calculating Area (I). Area (I) estimates the probability of the mean of System C being

less than the mean of System B and is calculated using Equations 3.3 and 3.4.
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Area(I) =3 (FE ~F?) 33)

i=l
F° = Frequency of the Environmental Output of SystemC in Bin i
F? = Frequency of the Environmental Output of SystemB in Bin
N = Number of Binsin the histogram.

i(F.-C -F")
P(P,e < Py) =+
2(F)

i=]

P,., P,; = Mean Environmental Pollutant Output of SystemC and B.

= Probabilty P, is less than P, )

xZC’ xZB,
System C ! ' System B

Frequency

Mean Environmental Output

Figure 3.17: Area (I) Represents the Probability the Mean of System C (Xzc’) is

Less than the Mean of System B (Xzp’).

Applying this technique to Systems C and B at Zgyee =0.25 results in a 57.5%

probability of the mean of System C being less than the mean greenhouse gas emissions

of System B. For decision making, one may wish to expand the system boundary in

order to further reduce the uncertainty in the decision. This is completed by reducing

Zgmee and re-evaluating the system.

Figure 3.18 presents the comparison at Zpmeg =0.10. At Zgmeg =0.10, the system is

expanded to the point at which the uncertainty associated with system boundary selection
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is significantly reduced. It is found to be 64.7% probable that the mean of System C will
be less than the mean greenhouse gas emissions of System B. At this point, the decision
maker has greater confidence in making the decision, but may still wish to further expand
the system boundary.
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Figure 3.18: RMEE Adjusted Comparison of the mean and 95% confidence
interval of greenhouse gases from System B and System C at
Zgmee=0.10 using the truncated-normal probability distribution
function.

If the boundary is further expanded by using Zgmee =0.05, the uncertainty is further
reduced as shown in Figure 3.19. At this level of detail, the results show it is 76.2%
probable that the mean of System C will be less than the mean of System B. To further

reduce uncertainty requires reducing the uncertainty in data.
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Figure 3.19: RMEE Adjusted Comparison of the mean and 95% confidence
interval of greenhouse gases from System B and System C at
Zrmee=0.05 using the truncated-normal probability distribution
function.

3.5 The RMEE Adjustment for a Significantly Different Type of
System

The results presented here were developed by analyzing a large number of random
systems which followed specific rules, defined in the section above entitled “Random
System Generation”. These rules require each unit process to conserve mass. This would
be true for a typical manufacturing or material handling unit process. However, in the
practice of LCA, some unit processes exist which do not conserve mass, due to the
method of inventory assessment. For example, an LCA studying biomass production
systems, such as corn production, would typically not have a mass balance because
carbon from the soil and air, rain water, and many other naturally occurring nutrients
which produce the com are not normally accounted for in the life-cycle inventory. Asa
result, unit processes exist which produce a high mass product with relatively minor

levels of measured inputs such as diesel fuel, fertilizers, and pesticides.

To test the impact on the RMEE method of unit processes which do not balance mass,

two hundred systems were generated using the same rules as above, except that the mass
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ratio of inputs to outputs for any unit process could range from 0.1 to 5. In other words, a
unit process could produce more mass in products than the measured mass of inputs. The
results for this scenario are shown in Figure 3.20 and Table 3.7, where it can be seen the
average fraction of environmental outputs measured within the system boundary
decreases more rapidly with the increase in Zgpmee. The numbers presented in Table 3.6
for non-biomass systems, Yzmean Crosses the 90% level at Zgmee =0.4, while for the
biomass systems presented in Table 3.7, Yzmean crosses the 90% point much earlier at
Zrmee =0.2.

In summary, the RMEE method provides a method of quantifying the uncertainty
associated with system boundary selection. However, the results presented here show
some influence of the nature of the system, particularly for systems which deviate greatly

from the norm.
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Figure 3.20: Mean and 95% Confidence Interval for the Fraction of Total
Environmental Output (Y:Mmcsa) reported at different Zryee values
for Biomass Type Systems.
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Table 3.7: Mean and 95% Confidence Interval of the Fraction of Total
Environmental Output for Different Zgmgeg values for Biomass Type
Systems
Percentage of True Total Standard
Environmental Output Deviation
Cut-Off Mean High Low Sruee
Ratio (Y zMean) (Y zrign) (Yzrow)
(ZrmeE)
0 100.00 100.00 100.00 0.00
0.05 98.01 99.95 89.00 3.06
0.10 95.44 99.91 68.50 7.89
0.15 92.66 99 .86 53.00 12.21
0.20 90.48 99.81 49.00 13.51
0.25 87.05 99.71 28.00 17.62
0.30 84 .85 99.62 23.00 18.79
0.35 82.69 99.38 2350 19.78
0.40 79.77 99.38 17.00 22.62
0.45 78.18 99.29 11.00 23.96
0.50 ~77.08 99.00 8.50 24.38

3.6 Conclusions

The RMEE method of system boundary selection allows for the quantification of
system boundaries and the evaluation of the uncertainty due to system boundary
selection which is introduced to the results of an LCA. RMEE has been
specifically designed and tested for energy and product systems in which an
evaluation is being made on common combustion air emissions.

The RMEE method provides an adjustment factor (Y ,mean) Which can be used to
adjust the results of an LCA to account for unit processes excluded from the
system boundary at a chosen Zgygk.

The uncertainty introduced from system boundary selection is related to Zgmee
and increases as Zgmee increases. The relationship is shown in Figure 3.9 and
tabulated in Table 3.6.

The probability distribution of Y mean is a skewed non-normal distribution.

A truncated-normal distribution is considered to provide a fair representation of
the numerically generated distribution (skewed non-normal) for Zgmee values less

than or equal to 0.25.
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¢ Monte Carlo Analysis is recommended as the most practical method to combine
the uncertainty associated with Y,mcan and uncertainty due to data in X;;.

¢ (Calculating the probability the mean environmental outputs of one system is less
than the mean of a competing system can be accomplished by comparing the
histograms generated by the results of the Monte Carlo Analysis.

e The RMEE method provides consistent measures of system boundary related
uncertainty for the most common classes of individual systems. However,
production systems with significantly different characteristics (such as biomass
production systems) provide a wider range of uncertainty. This result is shown in

Figure 3.20 and tabulated in Table 3.7.
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Chapter 4

Assessing Error Propagation in Life-
Cycle Assessment Systems

The second primary objective of this research is to investigate and develop tools which
handle uncertainty in the data of life-cycle assessment (LCA) studies. Chapters 2 and 3
showed how the selection of the system boundary is one source of uncertainty due to
methodology. Section 4.1 shows uncertainty can enter in the results of an LCA through
data and through methodology. This chapter presents a method to calculate the overall

uncertainty due to the propagation of uncertainty in individual unit processes.

Section 4.1 is a paper published by the Society of Automotive Engineers at the 1999
International Congress and Exposition. It discusses the sources of uncertainty in LCA
and provides an overview of current methods of dealing with uncertainty in the LCA
field. The paper demonstrates the application of Monte Carlo Analysis to evaluate
uncertainty in the life-cycle inventory (LCI) stage of LCA. It also defines a method to
identify the most significant unit process in a system with respect to their contribution to
overall uncertainty. These two uncertainty tools are valuable in helping to streamline
LCA decision making and to gain a better understanding of the uncertainty in the

conclusion.

Sections 4.2 and 4.3 present further analysis which arose from discussion of the SAE
paper in 4.1. Section 4.2 revisits the number of iterations required to complete Monte
Carlo Analysis to ensure convergence occurs during modeling. The final section of this

chapter, section 4.3, investigates the cases in which LCA modeling becomes a non-linear

process.
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4.1 — APPLICATION OF MONTE CARLO ANALYSIS TO LIFE
CYCLE ASSESSMENT
[Published at SAE Congress 1999 — Paper Number 99ENV-20]

4.1.1 Introduction

Life cycle assessment (LCA) is a systematic decision making and design tool which
evaluates the impact of a product or service by considering all stages from raw material
acquisition through manufacture, use and disposal. Thus LCA analysis is commonly
referred to as “‘cradle-to-grave” analysis. LCA has received global attention through the
development of the ISO 14040 standards for LCA as a tool within an environmental
management system [2]. A broad range of industries have applied LCA in decision
making and design, including the automotive industry, utilities, oil and gas, product

packaging, and others [4] [18].

Over the past 20 years of development, LCA methodologies have evolved and have been
refined. However, in all LCA methods substantial amounts of input data are used to
produce similarly substantial numbers of outputs at the “inventory assessment” stage of
LCA [2]. Some degree of uncertainty about the actual values and about the applicability
of those values to the problem at hand is inherent with any set of data used for decision
making. The uncertainties in individual data points within the LCA are combined and
propagated through the process to create an overall uncertainty in the results of an LCA.
It is important for decision makers using LCA to understand the degree of uncertainty in

results in order to make better-informed decisions.

The importance of properly assessing the uncertainty in LCA results has been expressed
by a number of authors [1]{2]{4]. However, LCA techniques, as used at present, do not
adequately address uncertainty in their data sets or LCI, methods of computation,
computed results or conclusions. As described by Besnainou and Coulon in Curran’s
book on Life-Cycle Assessment [4]:

“in communicating to audiences aware of the complexity and uncertainty

underlying the final results — fast becoming the bulk of the decision-making and
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policy-making audience — LCA currently can provide no information about

ranges or levels of confidence in the results.” [4]

This paper can not solve all of the concerns and issues around uncertainty in LCA.
However, its purposes are to identify the sources of uncertainty in LCA, to present
current practices of uncertainty analysis, to provide a robust method of evaluating the
propagation of error through a life cycle assessment, and to provide a method to identify

the relative significance of the uncertainty associated with each unit process in a system.

4.1.2 Sources of Uncertainty in LCA

Uncertainty in the results of an LCA can be broken into two distinct categories: 1.
uncertainty in system input and output data, and 2. uncertainty generated from procedures

for calculations.

Uncertainty in System Data

Data quality has always been an issue for LCA practitioners. Data quality directly affects
the life-cycle inventory (LCI) stage of LCA. This is illustrated by the number of
publications on the topic [5][6][7][8](16][17]. “Quality” here is defined as the accuracy
of the data for the purpose of the LCA. The literature provides numerous examples and
methods for rating the data quality of individual data points through various “Data
Quality Indicators™ (DQIs). The qualitative DQI systems provide a means to monitor the
relative quality of data being used in an LCA. However, these methods of assessing data
quality are not sufficiently quantitative to help the decision makers who ultimately use
the results of an LCA answer. Their question is, (or should be): “What band of

uncertainty can I expect around the result of this LCA?”
The literature has identified and described the potential sources of uncertainty in data

through its development of DQIs. Table 4.1 summarizes the DQIs, which identify

potential sources of uncertainty.

93



Table 4.1: Data Quality Indicators Identifying Potential Sources of Uncertainty

in LCA Data
DQI / Data Quality Description Source
Requirement

time-related coverage the age of data compared to the study period 1
geographical coverage the geographical area from which data is collected [
technology coverage the technology mix from which the data is collected compared | {1]

to the technology utilized by the systems being assessed
precision the measure of the variability of the data values [1] [16
completeness the percentage of locations reporting primary data from the (1] [16]

potential number in existence
representativeness Qualitative assessment of the degree to which the data set (1] [16)

reflects the true population of interest (i.e. geographical
coverage, time period and technology coverage)

applicability/suitability/ Relevance of the data set within a study to the purpose of that | [16]
compatibility study. Requires analysis of data sources, data types, age of
data, and of the technology match between data source and
study target.
bias systematic or nonrandom deviation or error that makes data [16]
values consistently higher or lower than they should be.
stability Measure of consistency and reproducibility of data over time. | [16]

The challenge for the field of LCA has been to develop a repeatable method which moves
beyond a simple set of data quality indicators and provides a quantified uncertainty value
for the LCI stage. At the current time, the LCI is completed with no quantitative measure
for the range of uncertainty in their results. As a result, current best practice is to utilize
“expert judgement” on the uncertainty for any particular data point. Because of the large
number of data points in an LCI, and because the propagation of uncertainty throughout
the system can significantly affect the overall accuracy of a study [4], there is a critical

need to develop a more rigorous method of assessing uncertainty in the LCIL.

Methodological Sources of Uncertainty

Uncertainty in the overall results of an LCA can enter through the LCA method applied
and through the method of calculating the propagation of error in a life cycle system,
regardless of the uncertainty level in the data itself. ISO 14041 recognizes this
methodological source of uncertainty by defining a descriptor for data quality called:
“consistency: qualitative assessment of how uniformly the study methodology is applied

to the various components of the analysis;” [1][16].
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One of the sources of methodological uncertainty is the means by which the system
boundary is selected for a life cycle system [5]. In theory, the complete “cradle-to-grave”
life cycle of any given product or service is linked indirectly to the entire global
economy. To make a practical analysis, every LCA needs to define a limited system
boundary that encompasses the most relevant unit processes and quantify the impact of
those processes within that boundary. The material and service flows and the
environmental impacts of those unit processes outside of the system boundary are not
accounted for in the final results of an LCA (refer to Figure 4.1). The unmeasured value
of the excluded impacts introduces an uncertainty to the results and conclusions of the
LCA based on any reasonable system boundary. This becomes more problematic when
two or more products or services are compared since the method of system boundary
selection for the different systems may not set comparable boundaries. The result of not
consistently selecting system boundaries is the introduction of different degrees of
uncertainty to the results of different systems [10][11]. For example, consider a LCA
comparing an electric vehicle to an internal combustion gasoline vehicle. For each option
a system boundary will be selected, introducing uncertainty tc the results due to the
impacts of unit processes falling outside the system boundary. Should the electric car
system include metal mining, metal smelting and metal recycling for battery materials?
Should the gasoline car system extend as far as the original resource exploration to find
petroleum reservoirs? How significant is the impact of each unit process which falls
outside the system actually analyzed and could this affect the LCA comparison between
two products?

The LCA practitioner has a practical requirement to ensure that a similar degree of
uncertainty is introduced for each system analyzed. Furthermore, the value of this
uncertainty must be estimated in a reliable manner. A number of methods have been
suggested for selecting system boundaries [10], none of which address the issue of
uncertainty. RAYNOLDS er a/ [9][10] have developed a method of system boundary
selection which ensures comparable system boundaries are selected for different options
in an LCA. Work presented by RAYNOLDS et al [11] shows the relationship between

system boundary selection and uncertainty.
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A second source of methodological uncertainty is through the models used to translate
inventory results to aggregate impacts such as environmental indicators or stressor
categories. For example, the total emissions of carbon dioxide, CFC’s, methane, water
vapour and nitrous oxide are commonly aggregated to give a greenhouse gas emission
value. The weighting factors used to convert various emissions into a carbon dioxide
equivalent introduce an unknown amount of uncertainty. Is methane actually 21 times as
effective as carbon dioxide at causing global warming [Intergovernmental Panel on
Climate Change (ICPP)]? Or is the factor 32? Such aggregation ratios can have a
significant impact on LCA studies comparing products or processes which shift the
balance between different emissions. A similar question arises with impacts such as
economic activity or emissions produced at different locations or different times. Should
such impacts be aggregated directly? Or should there be some weighting factor for
spreading or deferring the effects of a process? The methods of LCA impact assessment
are currently in development and practical science must address the issue of uncertainty

in its models.

A final example of uncertainty from LCA methodology is the calculation method applied
to actually measure the overall uncertainty in an LCA. In other words, the method of
calculating the propagation of error throughout a life cycle system is a source of
uncertainty itself. At the present time, different methods are being used to calculate the
error propagation in LCA. This leads to uncertainty in the reported uncertainty! This
paper reviews current methods and describes in detail the application of Monte Carlo

analysis for calculating uncertainty.
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Figure 4.1: System Boundary Selection and Uncertainty
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4.1.3 Current Methods of Dealing with Uncertainty in LCA

The most common method of dealing with uncertainty in the results of an LCA is to
simply assume that differences in results between options must be greater than 10 or 20
percent to represent a significant difference [4]. Due to the number of data points in a
typical LCA study and the propagation of error throughout the system it is easily
foreseeable that uncertainty could exceed 20 percent. As LCA becomes a more widely
used tool for decision making it will become more important to accurately quantify
uncertainty. ISO 14041 suggests calculating uncertainty and defines uncertainty analysis
as:

“‘a systematic procedure to ascertain and quantify the uncertainty introduced into

the results of a life cycle inventory analysis due to the cumulative effects of input

uncertainty and data variability; NOTE - either ranges or probability

distributions are used to determine the uncertainty in the results.” [1]

In cases where uncertainty of individual data points has been estimated or calculated,
various methods of calculating the overall uncertainty due to error propagation have been
applied. As a first estimate, work completed by Raynolds et al [12] calculated the overall

uncertainty (95% confidence interval) in system results using Equation 4.1.

The cumulative uncertainty or error (rroul) is calculated by the following weighted

averaage equation:

" 172
Froa =(Z%(r.-)z) @

with
n = number of unit processes
Xi; = mean value for unit process i
X = system total of means i.e. summation x;
r; = error in mean of unit process i
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This commonly used error summing method is based on an assumption that errors in all
unit processes are small and independent of one another. It is also only appropriate for
symmetric distributions, which poses a significant limitation. As such, it does not
properly account for error propagation generated by the connection and interaction of
material and energy flows between unit processes. Given this, Equation 4.1 is only an

approximation of the uncertainty level in LCA study results.

A similar approach has been applied in calculating the uncertainty in greenhouse gas

emissions for Canada’s 1990 emissions [15] where overall uncertainty was estimated by:

Total Uncertainty = \/(UA2 +UB? +...)

where UA, UB, etc. is the uncertainty in data points A, B, ... . As mentioned, this
method is only appropriate for combining uncertainties where the sources are completely
independent. In addition, MCCANN [15] noted that this method is not statistically correct

for cases with large uncertainties and recommends the use of Monte Carlo analysis.

The use of Monte Carlo analysis for LCA has been researched and described by
KENNEDY et al [7]. They translate a set of data quality indicators to a distribution
function for each data point which is then utilized in a Monte Carlo analysis. Their
Monte Carlo analysis iterated the evaluation 100 times using a beta function for the
probability distribution [7]. This study was a valuable step towards providing LCA
practitioners with a practical means of translating expert judgement on data quality to a
quantified range of uncertainty. KENNEDY et al identified two areas which required
further research [7]:

1. “The final impact of the cascading uncertainty associated with the aggregation of
input data from multiple levels of LCA inventory modeling requires additional
analysis.”, and

2. “a method needs to be developed to analyze the LCA inventory model input data
to identify those data elements that significantly contribute to the variance of the
results.”

This paper attempts to address these two areas.
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4.1.4 Cascading Uncertainty - Revisiting Monte Carlo Analysis

Life cycle assessment is a simulation tool — models of real systems are used to predict
and compare the overall environmental performance of systems which produce similar
products or services. Simulation is one of the most powerful tools for designing and
assessing complex systems [13][14]. In comparison to analytical methods, simulation
allows the decision-maker to better see and “play” with systems, leading to a deeper
understanding of the systems and their impacts [14]. As a result, simulation is the most
widely used quantitative technique for problem solving [14]. The simulation generated
by an LCA can be used to run a Monte Carlo analysis and estimate the overall uncertainty
in the LCA results when reasonable but randomly varying values are used for system

inputs.

The name Monte Carlo originates from the city on the Mediterranean with its famous
casino because Monte Carlo analysis uses random numbers (such as numbers generated
in a casino) to study a problem [3]. The advantage of Monte Carlo methods over
analytical methods is that very complicated systems can be analyzed using relatively
simple calculations and without requiring a deep understanding of statistical analysis
theory [3]. For LCA practitioners and decision makers using the results of an LCA,
Monte Carlo analysis provides the most practical and accurate method of calculating the

overall uncertainty in an LCA due to error propagation.

Research of RAYNOLDS et al [10][11] on selection of system boundaries and on assessing
the relative environmental impact for alternative automotive fuels [9] utilizes Monte
Carlo analysis to assess the uncertainty in overall results. For a typical unit process, three
sets of ratios are defined to have a degree of uncertainty associated with them (refer to
Figure 4.2):

1. the set of ratios I;; / P; between the various material and service inputs (I;) to a unit

process and the primary product or service (P;) of the unit process,
2. the set of ratios x;;/ P; between the various environmental outputs (x;;) of a unit

process and the primary product of the unit process (P;), and
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3. the set of ratios C;; / P; between the various co-products (C;;) of unit process and

the primary output (P;), of a unit process.

It is these three sets of ratios (I;; / P; , x;;/ P; , and C;; / P; ) which must be stochastically
generated from a probability distribution function for the Monte Carlo analysis. The
probability distribution chosen for these studies is the Gaussian or normal distribution.
The reason for assuming a normal distribution is one of practicality. In most cases
adequate samples of data are not available to generate a specific probability distribution
function so some pre-defined mathematical function must be used. At this point, there is
also insufficient information to justify complex distributions. Most data sources provide
only a single value with no confidence range. Some sources describe the range of
uncertainty tn terms of a plus and minus range with a particular confidence interval.
Given the level of uncertainty, the normal distribution is the most practical choice since it
can be specified using only a mean value and a single measure of variance. Assuming a
normal distribution simplifies the calculation of uncertainty but also becomes a source of
uncertainty itself [15]. An alternative is to apply the methodology developed by
KENNEDY et al [7] to translate a set of DQI’s to the beta distribution. However, due to
the lack of data available to generate probability density functions for each of the
numerous (often 1000’s) data points in a typical LCA, a Gaussian normal distribution is

assumed.

To use Monte Carlo analysis for estimating the overall uncertainty of a life cycle system,
the model must be run through a sufficient number of iterations to converge on a mean
value. In the work completed by KENNEDY et al [7], the stochastic model was run for
100 iterations. How is the required number of iterations determined? For this study, the
Monte Carlo analysis was applied to a fully defined model system called “System A”, the
details of which are shown in Figure 4.5. By fully defining a system, its actual output
and the effect of data uncertainties on that output can be calculated analytically. The
capability of the Monte Carlo analysis to predict that output and uncertainty can then be
used as a test of the Monte Carlo technique. By applying the Monte Carlo analysis
technique to “System A”, it was found at least 1000 iterations were required for both the
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mean and variance values to converge. This is illustrated in Figures 4.3 and 4.4 which
were produced by applying a Monte Carlo analysis to the fully defined LCA system,
“System A”. To ensure adequate convergence with real systems, 2000 iterations were

used for the Monte Carlo analysis technique applied in this study.

Table 4.2: Input and Output Values for the Fully Defined System, “System A”

Unit Products (P) Inputs (Iy) Environmental
Process Outputs (x;)
(1)
Flow Amount Flow Amount | 95% Confidence | Amount +/-%
Type Type (+/- %) Uncertain
UP1 P, 50 P, 22 15 18 12
P, 8 7
UP2 P, 12 P, 5 5 35 10
Ps 18 11
UP3 P, 120 Ps 210 20 51 15
UP4 P, 25 — — —— 40 8
UPS5 Ps 40 — — — 10 18
UP6 Ps 70 — — — 16 S

Notes: I; = An input to unit process “i” of flow type “k”, i.e. P,
x;; = Environmental output from unit process “i” of type “1” e.g. CO, emissions.
To test the accuracy of the Monte Carlo analysis, the uncertainty for System A was also

calculated analytically using the general formula shown in equation 4.2:

For a function f(x,I),

3—12 2 12 2
(df) —(ax)dx +(61) dl
4.2)

where df is the uncertainty of f(E,I).

As an example consider the function of the total emissions for System A (equation 4.3).
Using the input and output values for System A listed in Table 4.2, the mean value of the
system environmental output (X) is calculated as 223.37 units. Table 4.3 summarizes the
environmental outputs from “System A”. Applying the general Equation 4.2 to Equation
4.3, with the uncertainty of the value of the functional unit (Pf,) and all unit process
products (P;) set to zero, df is calculated analytically to equal 29.82. Thus, for “System
A", the total environmental outputs calculated analytically is 223.37 +/- 13.35 %.
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Total Emissions = X = f(Pgn, P1, Py, P, Py, Ps, Ps, L1z, Las, Las, It3, I36, X11, X21, Xa1, Xa1, Xs1,

X61)
@.3)

Table 4.3: Environmental Outputs of “System A”

Unit Process Environmental Percent of
Output Total
Emissions (X)

UP1 36.00 16.1%
UP2 128.33 57.6%
UP3 29.33 13.1%
UP4 16.5 7.4%
UPS 6.8 3.0%
UP6 6.4 2.9%

Total: 22337 99.9%

Monte Carlo analysis applied to “System A” with 2000 iterations gave the result:
Mean = 222.87
Uncertainty = +/- 13.50%.

The difference between the expected mean (223.27) and the value calculated by the
Monte Carlo analysis (222.87) was 0.18%. The difference in the calculation of

uncertainty was 0.15%.

In short, a Monte Carlo analysis using 2000 iterations provided a robust method of
evaluating the effect of error propagation throughout and generating an estimate for the
overall uncertainty in LCA results. As further research provides efficient methods of
generating appropriate distribution functions for unit process input and environmental
output data, the Monte Carlo method described above will be open to incorporate these

advancements.
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“J” = input or output number for unit process i.

Figure 4.2: Inputs and Outputs of a Typical Unit Process
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Figure 4.5: Process Flow Diagram for the Fully Defined LCA System, “System A”
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4.1.5 Contribution to Overall Uncertainty- Uncertainty Reduction Analysis

As KENNEDY et al [7] pointed out, a method is required to determine which data points in
a life cycle system are the most significant contributors to the overall uncertainty in
results. This provides a valuable tool because it directs the practitioner to the data points
requiring the highest quality of data (or at least the most improvement in data quality).
This allows the practitioner to focus on reducing the uncertainty of the most relevant data
points in order to reduce the overall uncertainty in results, leading to a better ability to
discriminate between alternative systems. The method described here identifies the
relative contribution of each unit process to the overall uncertainty in results of a life

cycle system.

By running a complete Monte Carlo analysis for a system n times, where n is equal to the
number of unit processes in the system, and for each run setting the uncertainty of a
different unit process equal to zero, it is possible to evaluate the contribution of each unit
process to the overall uncertainty. For example, when the Monte Carlo analysis for
System A is run 6 times, each time with a different unit process’s uncertainty set to zero,
it is possible to identify which unit processes have the largest impact on the uncertainty.
Table 4.4 summarizes the change in uncertainty as the uncertainty of each unit process in
System A is set to zero. This is analogous to answering the question: “How much will
the uncertainty in my results be reduced if I can get rid of all the uncertainty in unit

process X7,

Table 4.4: The Change in “System A” Uncertainty With Uncertainty of Each

Unit Process Set to Zero

Unit Process with Percent Reduction in
Uncertainty Set to Uncertainty

Zero

UP1 56%

UP2 10%

UP3 negligible

UP4 negligible

UPS negligible

UP6 negligible

Note: The uncertainty of both the environmental outputs (x;;) and material inputs (I;;)
are set to zero.
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From Table 4.4 it is possible to identify UP1 as the most significant contributor to the
overall uncertainty — the uncertainty in the total results of the environmental outputs from
“System A” will be reduced to 5.97% (56% reduction from original uncertainty of
13.5%). As a result, the practitioner is directed to focus first on obtaining better
information for UP1 rather than spending excessive time or resources on the other unit
processes. It is interesting to note that although UP2 contributes over 57% of the
environmental outputs (refer to Table 4.3), reducing the uncertainty associated with UP2
to zero only reduces the uncertainty in the results by 10%. This could be counter-
intuitive to the LCA practitioner who sees 57% of the environmental output from UP2
and decides to focus on improving the data quality of UP2. The reason UP1 has the
greatest impact on the overall uncertainty is the uncertainty in its inputs (1,2, I;3)
propagates back through the entire system. UP2 produces more environmental impact

but its uncertainty affects only part of the system.

The above method of systematically setting the uncertainty of the inputs and
environmental outputs of individual unit processes in a system, combined with Monte
Carlo analysis, is a practical method of identifying where to focus time and resources for

reducing overall system uncertainty.
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4.1.6 Conclusions

Based on the work completed, the following conclusions are made:

1. Monte Carlo analysis is an appropriate method for calculating the overall
uncertainty in a life cycle system due to the propagation of error.

2. The mean system impact and the uncertainty in system impact converge after
about 1000 iterations for a simple system. Running a Monte Carlo analysis with
at least 2000 iterations, (or running a convergence test with varying number of
iterations), is recommended to ensure convergence.

3. Systematically removing the uncertainty for individual unit processes gives
Monte Carlo analysis the capability to identify the contribution of individual unit
processes to the uncertainty of overall system output. This directs the LCA
practitioner to focus on improving unit process data quality at the most relevant
points. This technique has been called “Uncertainty Reduction Analysis” by the
author.

4. Further research is required to develop rules for translating a practical set of data
quality indicators into probabilistic distribution functions for unit process

variables.
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4.2 - Additional Analysis of Monte Carlo Analysis Convergence

The paper presented in Section 4.1 demonstrated that more than 2000 random iterations
of the Monte Carlo Analysis are required to guarantee convergence of the mean and
uncertainty (shown in Figure 4.3 and Figure 4.4 of Chapter 4.1). To further explore this,
additional modeling has been completed on “System A” and on a number of other

random systems.

Revisiting System A

The fully defined six unit process system from Section 4.1 was used again to demonstrate
convergence of the mean after 2000 iterations of the Monte Carlo Analysis. Figures 4.6,
4.7, and 4.8 show the relationship of the mean CO; output to the number of iterations.
Each of the three runs of System A resulted in a different (random) path towards clear

convergence after 1000 iterations.

Testing Convergence on Larger Systems

It is important to know whether LCA system size and complexity affects the rate of
Monte Carlo Analysis convergence. To test this, three randomly generated systems were
used, each made up of 50 unit processes. Each system was run for 4000 iterations. The
cumulative mean plotted against the number of iterations for these three systems is shown
in Figures 4.9, 4.10, and 4.11. As seen by the plots, each system converged by 2000
iterations. The mean acquired through Monte Carlo Analysis at convergence, compared

to the known mean was within 0.5% for each system.
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4.3 — Non-Linearity in Modeling LCA Systems

In general, LCA involves the modeling of linear systems. In other words, the total
environmental output is assumed to be linearly related to each data point. Normally, a
LCA system is made up of a collection of unit processes, each of which produces
environmental outputs governed by a linear relationship to the process’s products and
inputs. As a simple example, consider “System A” from Section 4.1 (repeated below in
Figure 4.12). The goveming equation of the total environmental outputs of System A is

the linear function shown in equation 4.4.

X
. A “System A”
UP4 Py ,x 2
x5, > Up2 P,
UPS PS PF F :
UP1 n ugctmnal
j X g1 j Xy _J_. Unit
ups | Pegl ups | P>

Notes: Py= flow of a product or service e.g. steel, power, etc.
Xij = environmental output of type “j”’ from unit process “i”.
Figure 4.12: Process Flow Diagram for the Fully Defined LCA System, “System A”
(From 4.1)

Total Emissions = X = f(Fny, P1, P2, P3, P4, Ps, Pg, Lia, Ins, Izs, L1z, I36, X11, X21, X31, Xa1, Xs1,

X61)
4.4)

/Y=f.=1>,:'l x“-{-l;z le+£‘_x‘l+£§_x5‘ +_I£ x3l+1ix6l
A F, P, F P, P,

(1542

from unit process “j”.

€6599
1

Note: Pg, = Functional Unit; I;; = Input to unit process

Figures 4.13, 4.14, and 4.15 show the linear relationship between various parameters
(I12, x11, and x21) and the total environmental output. The slope of these lines provide

an indication of the sensitivity of the results to each parameter. Knowledge of this
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sensitivity enables one to identify which unit processes have the greatest impact on the
overall results and indicates which unit processes to focus on for collecting higher quality
data. In this example, the total environmental output is shown to change quite rapidly
with changes in I12 as shown in Figure 4.13. Analytically, one can calculate the relative
sensitivity of each parameter using the first derivative of the governing equation.
However, with larger, more complex systems, this becomes extremely burdensome. Asa

result, a numerical method of estimating relative sensitivity is desirable.
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Figure 4.13: Relationship Between Input to UP1 from UP2 and Total
Environmental Output for System A
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Figure 4.14: Relationship Between Environmental Output from Unit Process UP1
and Total Environmental Output for System A

System A - Total Environmental Output vs Unit Process
Environmental Output x21

800
§ 600
Q
o 400 |
=3
x 200 |
0
o 20 40 60 80 100 120
x21 (kg)

Figure 4.15: Relationship Between Environmental Output from Unit Process UP2
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A numerical approach to assessing sensitivity is presented by RAYNOLDS ef a/ [1] where
each parameter in the system is independently given a marginal change to calculate the
marginal impact on the overall results. A similar method has been applied to System A
with the results shown in Tables 4.5 and 4.6. The Tables show that a 1% increase in the
inputs required for unit process UP1 results in a 0.84% increase in total environmental
output. Of all the unit processes in the system, UP1 generates the greatest sensitivity.
Next most sensitive is the environmental output data for unit process UP2, where a 1%
increase in emissions from UP2 resulted in a 0.57% increase in System A’s total

environmental output.

Table 4.5: Marginal Sensitivity of Unit Process Inputs for System A

Marginal Change (%) in Total Environmental
Output Due to 1% Increase in Input Requirements
to Individual Unit Processes

Stressor UP1 uP2 UP3 UP4 upP5 UpP6
Category

Greenhouse +0.84 +0.21 +0.03 o] 0 0
Gases

Table 4.6: Marginal Sensitivity of Unit Process Emissions for System A

Marginal Change (%) in Total Environmental
Output Due to 1% Increase in Individual Unit
Process Environmental Outputs

Stressor UP1 uP2 uUP3 UP4 uPs UP6
Category

Greenhouse +0.16 +0.57 +0.03 +0.13 +0.07 +0.03
Gases

As shown in Table 4.4 of Section 4.1, using Monte Carlo Analysis repeatedly, the overall
uncertainty of results for System A is highly dependent on unit process UP1 and slightly

dependent on unit process UP2.

Having identified the unit processes with the greatest sensitivity on the overall results, the
question to answer is how the results will change if a non-linearity is introduced to one of
these sensitive unit processes. This is where the flexibility of Monte Carlo Analysis

becomes extremely useful as analytically evaluating these systems would quickly become

burdensome.
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Sources of Non-Linearity

There are two primary means by which non-linearity can enter a LCA system:

1.

The relationship between environmental outputs, inputs and product outputs of
any unit process becomes non-linear. This can occur due to change in
performance over time (e.g. emissions from a vehicle as it ages), scale of
operation (e.g. the input-output relationship changes with the scale of the
operation), or non-linear physical relationships (e.g. fuel efficiency of a vehicle at
different speeds). Evaluating the overall uncertainty of systems with non-linear
unit processes is possible with the techniques of Monte Carlo Analysis developed
here.

The distribution of uncertainty for any given data point is non-normal, that is a
skewed distribution. The question is when will a skewed distribution affect the
overall results? This will depend on the sensitivity of the unit process with the
skewed distribution. Monte Carlo Analysis enables one to model data with a

skewed distribution, a task which analytically would be very difficult.

Applying a Skewed Distribution to System A

To test the impact of a skewed distribution for unit process input and output data, a beta

distribution was applied to different unit processes in System A.

Two different beta distributions (B(a,)) were used: B(1,5) and B(2,5). Figures 4.16 and

4.17 illustrate these two beta distributions in comparison to the normal distribution with

equivalent standard deviations.
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Both beta distributions were applied to different unit processes in System A to asses their
overall impact on the distribution of uncertainty for the total environmental output of
System A. Figures 4.18 and 4.19 show the results of the distribution of uncertainty for
System A when:

1) all unit processes have a normal distribution of uncertainty,

2) all unit processes have a beta distribution of uncertainty,

3) unit process UP1 has a beta distribution,

4) unit process UP2 has a beta distribution, and

5) unit process UP3 has a beta distribution.

For each run the mean value is held constant. The results show the skewed distribution to
significantly affect the spread of uncertainty when applied to the sensitive unit processes
— UP1 and UP2. When applied to unit process UP3, the overall distribution is not
significantly affected. It is clear the distribution can affect the end decision. Should the
distribution be skewed with a large uncertainty, the level of confidence in decision
making will be reduced. The use of Monte Carlo Analysis to assess the propagation of
error throughout systems in LCA is very effective, especially when unit processes have
skewed uncertainty distributions. Further research in the field of LCA is required to

better address how to obtain distribution functions for individual data points.
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Chapter 5

Integrating the System Boundary and
Uncertainty Analysis Tools into the
Inventory Assessment Stage of LCA

Chapter 5 presents the collection of individual tools presented in Chapters 2 through 4

into an integrated package fitting into the Inventory Assessment stage of LCA.
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5.0 - Integrating the System Boundary and Uncertainty Tools
into the LCA Methodology

The tools presented in chapters two through four can be applied sequentially to provide a
practical and rigorous methodology for completing the life-cycle inventory (LCI) stage of
life-cycle assessment (LCA). This chapter summarizes each tool and describes where
they fit into the LCA methodology.

The RMEE method of system boundary ensures similar boundaries are selected for
different systems. It provides an indication of when enough detail has been included in
the system to make a reasonable decision without first having to calculate all the
environmental outputs of each system. The RMEE method is designed for LCA studies
of energy and material systems where common combustion emissions are being
quantified for comparison. Marginal sensitivity analysis shows which data points have
the greatest influence on the mean results, indicating early on in the LCI where to focus
data collection. Monte Carlo Analysis provides an efficient means to estimate the overall
propagation of uncertainty. Applied iteratively (systematically removing unit process
uncertainty), Monte Carlo Analysis is used to identify which unit processes in the life-
cycle system contribute the most to uncertainty. This tool for assessing the benefit of
reducing uncertainty in different unit processes has been called “Uncertainty Reduction
Analysis”. It focuses data research on the specific unit processes contributing the most to
the overall uncertainty in the decision. Applying Monte Carlo Analysis to combine
overall uncertainty in data with uncertainty associated with the system boundary provides
a practical method to estimate total uncertainty for each system. The results enable one
to numerically calculate the probability one system results in less potential environmental

impact than another.
Chapter 1 presented the general LCA methodology (refer to Figure 5.1). Figure 5.2

illustrates how each tool developed by this research fits into the Inventory Assessment
stage of LCA.
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The Goal Definition and Scoping step of LCA are unaffected by the tools. This first step
must provide a functional unit and a qualitative process flow map of each life-cycle
system. The package of tools fit into the Inventory Assessment phase of LCA. Together
they help minimize the time and effort required to obtain enough information to make a

confident decision between two or more options.

The inventory assessment becomes a process of iteratively collecting better quality data
as required. First, (Step 1) initial material, energy and value input and output flow data
are collected for the initial life-cycle process flow map defined in the Goal and Scope
Definition. These data are used to select an initial system boundary defined by the Z-
Cut-off-Ratio in the RMEE method (Step 2). The RMEE method indicates for which
unit processes environmental output data is required (Step 3). With complete data on the
inputs, outputs, and environmental outputs for all unit processes, marginal sensitivity
analysis is completed to identify which unit processes in the system create the greatest
sensitivity in the results (Step 4). The practitioner can then focus data research efforts on

these sensitive unit processes.

After calculating or estimating uncertainty for each input and environmental output in
each unit process, the total uncertainty due to data, for each system, is calculated using
the Monte Carlo Analysis technique (Step 5). This uncertainty (rp,.,) and the uncertainty
derived from the RMEE method (rsysandry) are combined to provide an estimate of the
total system uncertainty (rrow). Monte Carlo Analysis is used to combine rp,.;, and

I'sysBndry tO calculate rrou (Step 6).

Using the mean emissions output and total system uncertainty (rroa;) for both systems
being compared, the probability or confidence of one system resulting in less emissions
of each environmental stressor category is calculated (Step 7). With the mean and
uncertainty for each option plus a prescribed level of confidence that one system will
produce less emissions than another, the LCA practitioner must decide if the results allow
for decision making (Step 8). If so, the practitioner proceeds to the impact analysis and

interpretation phases of LCA. If the results do not allow the decision maker to conclude
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which option is best with an acceptable level of certainty, then Uncertainty Reduction
Analysis is completed to identify the best options for reducing overall uncertainty (Step
9).

The Uncertainty Reduction Analysis will identify how the overall uncertainty can be
reduced. The decision maker uses the results and considers how much time and
resources are available to improve data quality or expand the system boundaries in order
to make a better decision (Step 10). If the decision is made to invest more time and
resources, two things can be completed together or separately to reduce the uncertainty:
1) collect better data on the unit processes identified by the Uncertainty
Reduction Analysis to have the greatest potential for reducing uncertainty due
to data (Step 11) and/or,
2) increase the coverage of the system boundary by reducing the Z-Cut-off-Ratio
(Step 12) which will reduce the uncertainty introduced due to system

boundary selection.

Both steps 11 and 12 result in re-iterating parts of the inventory assessment and may be
repeated until a confident decision can be made. However, the decision maker may
decide at Step 10 that no additional time and resources are available for collecting
additional information. Two options are then available:
1) return to the Goal and Scope Definition to reframe the decision to be made
into one which can be answered by the results; or
2) accept the information generated so far, be conscious of the uncertainty and

proceed to impact assessment and interpretation in order to make a decision.

This package of tools, designed and developed to streamline the LCI stage of LCA,
results in a repeatable and quantitative method for completing LCA. Understanding the
level of confidence one has using LCI results to make decisions should improve the
quality of those decisions and illustrate the need to improve the quality of LCA studies.
The next chapter presents a case study applying this systematic method of Inventory
Assessment (LCI).
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Figure 5.1: LCA Methodology
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Figure 5.2: Integration of Streamlining Tools into the Inventory Assessment stage
of LCA
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Chapter 6

A Case Study Life-Cycle Assessment (LCA)
Applying the Relative Mass-Energy-Economic
(RMEE) Method of System Boundary Selection
and Monte Carlo Analysis to Automotive Fuels

It is the purpose of Chapter 6 to demonstrate the integrated set of tools presented by this
thesis. Chapter 6 is a paper, which will be submitted to the International Journal of Life-
cycle Assessment. It utilizes the tools summarized in Chapter 5 to evaluate the life-cycle
environmental inventory of three different automotive fuels: reformulated gasoline,

natural gas, and 85% blended ethanol (E8S5).
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6.1 Introduction

Canada’s commitment to reduce greenhouse gases has brought significant attention to all
sectors of the economy using fossil fuels — the major source of anthropogenic carbon
dioxide emissions. In Canada, the transportation sector emits 27% of the nation’s total
greenhouse gases, of which over 60% is the result of gasoline combustion [13]. Canada
has alternative fuels with the potential to reduce CO; emissions per kilometer driven. To
properly compare fuel options, the production of the fuel must be considered from raw
material acquisition through processing to final use of the fuel — i.e. the “life-cycle” of
the fuel. The objective of this work is to compare the relative performance of three
different automotive fuels based on a life-cycle assessment (LCA) approach. The fuels
considered are reformulated gasoline, natural gas, and E85 (85% ethanol, 15% gasoline).
For the reformulated gasoline systems, crude oil is assumed to be derived from oil sands
operations in northen Alberta. Crude oil from oil sands is Alberta’s rapidly growing
marginal source of crude but does not represent the industry average. For E8S, two
sources of ethanol are considered — corn and poplar trees. Each fuel is considered based
on production and consumption in Canada. Because local air quality is of particular
concern in a number of Canadian cities, ground level ozone precursors and acid rain

precursors are also compared for each fuel.

The primary purpose of this paper is to demonstrate the use of specific LCA tools for
system boundary selection and uncertainty analysis on a comparison of automotive fuels.
This paper completes the first two steps of LCA — 1. goal definition and scoping, and 2.
inventory assessment, but does not complete 3. impact analysis, or 4. interpretation. The

primary objective of this paper is to demonstrate the tools developed by Raynolds et al
[17][18][19].

6.2 The RMEE Method of System Boundary Selection and Tools
for Uncertainty Analysis

RAYNOLDS et al [18][17][19] have developed LCA tools for selecting system boundaries
and evaluating uncertainty. These have been combined to create a logical method of

identifying if and where time and resources should be expended to reduce uncertainty in
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