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Chapter lintroduction

Emergy introduced

There is a growinglobal effort to quantify the vae of our surrounding
natural systems.r&bodied energy (emergghalyses place e onsystems usingn
energybasedorocesghat measures and compares different quality |levadisflows
of energy insystemsThe main principle of emergy is that everyaygf energy in a
systemcan beransformed into a unit of energy a single kindsolar emjoule) to
documenbn a common bastketotal energythat was requiredirectly and
indirectly to makeanother form of energw productor provide a servicéOdum
1996. A solaremjouleis equal to one joule afunlight and is the primary energy
soure t hat drives earthdds planetary systems,
Emergy is used in environmental accounting to specify performance
indicators for systemJ.able 1 definesqpular indices such as EYR, ELR, percent
renewability, and ESkvhich respectively dgcribe the yield, loading, reliance on
renewable energy, and sustainability of a system. The appropriate index corresponds

to the question of concern about the system.



Table 1: Terms defined for use in this paper.

Term:

Abbreviation:

Definition:

Solar Emergy

Emergy

The amount of available energy
of one type (usually solar) that i
directly or indirectly required to
generate a giveoutputflow or
storage of energy or matter.

Solar transformity

Transformity

Emergy investmentequiredper
unit processoutputof available
energy

Specific emergy

Specific Emergy

Emergy investmentequiredper
unit proces®utputof dry mass

Unit Emergy Value UEV Emergy investmemequiredper
unit of product or service

Emergy yield ratio EYR Emergyof the yieldperunit of
emergy investedr purchased
from the economy

Environmental loading ratio ELR Total nonrenewable and
imported emergy released per
unit of local renewable resource

Emergy sustainability index ESI Emergy vield per unit of
environmental loading

Emergy investment ratio EIR Emergy investment needed to

use one unit of local (renewable

and nonrenewable) resource.

(Odum 1996, Amponsah and Corre 2010, Ulgiati et al. 2010)

In accounting for all the types of energy that run the system, the three basic
steps required to estimate the emergy of a type of energy, a product, or service are 1)

decide on which sources are required for the system, 2) estimate the energy or mass

required fore a ¢ h

mas (i.e. unit emergy value).

Not all energy is created equal: a joule of light from an electric bulb can serve

sour ce,

and

3) estimat eort he

a variety of purposes. To account for this inequality, each energy/mass unit is

multiplied by a unit of emergy value (UEV), a way of describing@aergy/mass unit

in terms of efficiency, or themergysourceper unit of availablgield (e.g. sej/J,

sej/g. Depending on the energy/mass unit, the unit emergy values in this study can be

emer



| abel ed as o6transfor mit y @Uiglatsetgl. 2010). Foro r
examplesunlighthas a transformity of 1 sej/J sdinlight

The emergy of a source is then the product of the efreeggandits UEV.
The emergy of the entire system is the sum of the emergy of the contributing sources.
Therebre, there are three major pathways for uncertainty to enter the final estimate of
how much emergy something required. Fitls& wrong model is used. For example,
the list of sources required could exclude items that were actually required. Or rarely
an tem could be erroneously included. Second, the energy consumed by use of a
source is often estimated using other models, but chaded orobserved data.
However, observed data will suffer from measurement error. Third, the UEV of the
particular sourcenay not beknown so it is estimated using published UEVs for
similar or identical itemsThis study aims to identify the significanckthese three

forms of uncertaintpn the emergy estimate

Emerqgy evaluation

Often, emergy analyses follow a tabular maware where source flows of
energy or mass are transformed to solar emergy and then summed to estimate the
emergy of thgjield (Table 2). In the example in Table 2 the source energy/mass for
each item is multiplied by its corresponding solar transformsiy/J) or specific solar
emergy (sej/g) to estimate the solar emergy it contributes to the total solar emergy
(sej) of the system. The emergy of the sources are summed to estimate the emergy of
theyield. The solar transformity or specific solar emergytf@yield can then be

estimated as the total solar emergy divided by the energy or massyiithe

6spe



Table 2: Tabular method for emergy accounting.
Item Energy/Mass| Units | UEV (sej/unit) | Emergy flow (sej)
Source

1 dl J V1 m, = dl *V,

2 d, g Va2 m=0* Vv,

3 ds J V3 m;=d;* V3

e e e e
Yield d, J Vp=m,/ d, My=M+Mm+m

Estimates of the source energy/mass are supported with further information in
footnotes or endnotes that inclueiguations and data sources. Footnotes should
clearlyexplain how the source energy/mass was generated and its intellectual basis.

For a given emergy analysis, UEVs of the sources are not typically estimated
from mathematical modeling. Rather, UEVs for the sources are selected from other

studies or databasesach asvww.emergydatabase.o(@illey et al. 2012 to best

reflect the sources. For example, rather than estimate the UEV of freshwater for every
study, a global mean UEV of rainfall is often us€dereforethesource of alUEVs
used in a studgnust be cited.

One of the main reasons for selecting UEVSs, rather than estimating new ones
for each study, is the limited amount of time an analyst has tucbthe study. fie
solar emergy of any single sourcehe culminatiorof a complex web of energy
transformations in its own right. Thus, the selection of UEVs is an accounting short
cut that saves the analyst vast amounts of computational time. Of course, one of the
drawbacks is that the selected UEV is dhlg best guess of how much solar emergy
is actually embodied in the source. Another limitation is that only point estimates are
typically available for the UEVs.

Emergy analysts recognize that point estimates are a limitation (Odum 1996,

Campbell 2001Cohen 20Q, Ingwersen 2010a, Ingwersen 201Bbown et al.


http://www.emergydatabase.org/

2011). Multiple emergy analyses of different systems that produce theysdde
clearly show that multiple point estimates exBtandtWilliams 2002, Lefroy and
Rydberg 2003, Rodrigues et al.0&) Coppola et al. 2009, Franzese et al. 2009)
Dynamic emergy accounting has shown that the UEV of a particular product can vary
over a range and may follow a probabilistic distribu{iBDF)like the normal or
lognormal (Tilley and Bown 2006).Thus, thepoint estimates are samples drawn
from a population of UEVs that likely can be modeled with PDFs.

There is a growing demand by emergy practitioners to model the uncertainty
of unit emergy values used or created (Hau and Bakshi 2004, Amponsah et al. 2010,
Ulgiati et al. 2010). However, an important advantage of using point estimates for
UEVs and specific emergies is that it offers a simplified method for completing
emergy analyses quickly. Otherwise an emergy analysis could involve making
hundreds of caldations and estimations. Thus, there is a need to determine the most
appropriate PDFs for modeling the uncertainty of UEVs. Once the nature of UEV
uncertainty is better understqddture steps would be to adjust the methodology
(e.g., tabular emergy acaating in Table 2) taeduceoveralllevels of uncertainty
and to provide the capability for estimating confidence intervals for key emergy
indices like the emergy yield ratio

In the related systems accounting fielditd tycle assessment (LCA)
uncertanty values are often required (Lloyd and Ries 2007, Ingwersen 2010a,
Ingwersen 2010b)//hen LCA is used in a regulatory environment, Federal

Office of Management anBudgetrequireshatLCAs include either a qualitative



discussion ofhemain uncertmties, a numerical sensitivity analysis, or a formal
probabilistic analysis to communicate scientific uncertajd@jfe and Stavins 2007).
For emergy analysis to be considered a formal policy analysis tool it
should include estimates of uncertaiatyd sensitivity. An emergy database was
created in part to assist in thealitativeand quantitative assessment of UEV
uncertainty (Tilley et al. 2012). There have been a few recent emergy publications
that reported on UEV uncertainty (Campbell 2001, @adk@Ql, Tilley and Brown
2006, Ingwersen 2010a, Ingwersen 20®b, o wn et al . 2011) . l ngwe
suggestion to standardize quantitative uncertainty propagation in emergy analyses

was in part the impetus for this study.

Incorporating uncertainty it emergy

Before continuing on, it is important to clarify the terminology this study will
use in discussing uncertainty in emegygaluationsin statistics, uncertainty is
defined as having limited knowledge about the value of a parameter, while vigriabili
is the variation of the individuals in the population studied (Rai and Krewski 1998).
Monte Carlo methods used in multiplicative models have been unable to separate
total uncertaintya) due to uncertainty ana) due to variability in and between
systemsPrevious studies employing Monte Carlo methods have therefore lumped
these uncertainty and variance terms together under the term uncertainty when
discussing Monte Carlo method generated resuly®d and Rei2007, Ingwersen
2010a, Ingwersen 2010b). ishstudy will be using both uncertainty and variance

terms when they apply specificalgnd uncertainty when addressing both cases.



LCA has many of the same data collection limitations as ensralysis
LCA relies on models to estimate inventory iteansl intensity factors similar to
emergy analysis. Therefore it could be useful to understand how the field of LCA has
incorporated uncertainty characterization (Sonnemann et al. 2003). Ingwersen has
taken LCA procedures on defining uncertainty and theicksions on the
effectiveness of uncertainty calculations, and applied them to emergy calculation
methods, introduced below.

The collection of data and modelinlgemergyanalysesncorporates many
sources otincertaintyclassified by the EPAs paramet, model, and scenario
uncertainty (Lloyd and Ries 2007, Ingwersen 201Blyameter uncertainty the
uncertainty in observed or measured values used in a medtie source UEV in an
emergy analysidModel uncertainty arises when there is more tbaa model
availableto use for appropriate estimatiood UEV 1 di fferently
energy driving a system because of the structure and mathematical relationships of
the models. Scenario uncertainty is timeertainty of the fit of the model @aneters
to geographical, temporal, or technological corgéixigwersen 2010b)Scenario
uncertainty is inherent in the types of systems selected for this &esdgarchers will
actively change levels of scenario uncertainty to examine houautpetis fected.
When scenario uncertainty is minimized, the interaction of parameter uncertainties
and their effect on the yield will be emphasized. The original systems had slightly
different sources that would change the interactions in their models. Howwver, t

manipulation of model uncertainty is outside the scope of this study. There is only

repr



one type of model usethe traditional tabulaform emergy analysis with specified
sources.

To estimate UEV uncertainty, Ingwersen (2010a) presented an analytic model
and a stochastic moddéinalytic models areleterministic modelased for formula
type UEVs (calculating UEV of raw materials) while stochastic models are used for
tableform UEVs (calculating UEV of products concerning the ecosystem and human
activities).The analytic model is better for simpler systems because it follows
mathematical formulae and requires knowingdpetemoutputdistribution as well as
thesysteminputs distributiors. Stochastic models use random number generation to
select input valugfrom anassumed probability distrition function (PDF)that then
interact with otherandomly chosemput values to produce autputwith its own
PDF In this study the stochastic modeling approach was used becatd@Rbéthe
outputwas not necessily known or even a defined distributiphut thePDFsof the
inputs could be estimated from published studies.

It is necessary to differentiate between system sources and inputs, as well as
yield andoutput An item that enters the crop system toriate with other items in a
process that O0yieldsd grain will be referr
defined eleven sources for the crop production system. The values that are entered in
to the Monte Carlo simultasdoonBawhl| $obreceel:
energy/mass input and a UEV input that is dependent on the distribution chosen.
When these parameters are entered in to the Monte Carlo simulations they generate

utpus 6 such as the emergy value for each so



Monte Carlo simlation

The name Monte Carlo comes from the gambling scene at the Monte Carlo
Casi no, Monaco for the simulationdés random
simulation is a stochastic sampling method, where parameter values (e.g. inputs) are
randomly geerated from PDFs for multiple iterations. PDFs are often modeled on
observed data, but can be developed from expert opiWarston 1991, Ayyub and
Klir 2006). The Monte Carlo simulation method was used in this study to examine
uncertainty propagation i modeled system.

An example of how the method can be employed is in determining the life
expectancy of a population, where age, weight, eating habits, and exercising habits
are important inputs into the system. These inputs all interact to form a life
expectancy. These inputs all have assumed PDFs, for exampéeeight of a
persodinput is assumed to follow a nornfADF (Figure 1). The points in green are
the weights the researchers have measured on the study participants. Monte Carlo will
follow this distribution characterized by the weight mean and standard deviation, and

generate the points in red to obtain more sample weights for the study.

HL+o

o

Figure 1. Monte Carlo generation of weightA popul ati ondés weight fcC

normal distribution with a meeand standard deviation shown. The points in green



are the weights measured by researchers, while the red points are those generated by

Monte Carlato supplement the green

This will be repeated for each input. The many options or values the Monte Carlo

generates for each input can interact in a black box to creatgtjautlife expectancy

(Figure 2). After running this model for a certain number of iterations, a PDF of the

popul ationds | ife exThegentratediataycachan be det er m
represated as probability distributions (brstograms) or converted &ror bars

reliability predictionstolerance zone®r confidence intervals

Figure 2: Stochastic uncertainty propagation.The input types are assumed to have

a probability distributia (shown above the inputs in blue). The black box represents
the interaction of the inputs to produce thepus. The yields generated from the

Monte Carlo simulation of the inputs are represented in a PDF and can be described

using confidence intervalg€.the red lines intersecting the PDF).
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Previous useof Monte Carlo to simulatencertainty in emergy have
employed various types of PDFs (e.g. normal, lognormal, and uniform distributions)
(Campbell 2001, Cohen 2001, Limpert et al. 2001, Sonnemain2&03, Brown et
al. 2011). Normal distributions are used when the available input data represents the
mean of data collection efforts (used in Campbell 2001, Cohen @A@50nnemann
et al. 2003). Uniform implies an insufficient collection of datagonore specific
distribution (used in Brown et al. 2011). Lognormal BFonnemann et al. 2003)
produceall positive values andreskewed to the right. Ingwersen (2010a) cites
Limpert et al. (2001) and other studies in LCA that use a lognormal PDH for al
source inputs for environmental disciplines. With case studies for lead, petroleum and
more UEV calculations, Ingwersen (2010a and 2010b) suggests that a lognormal Cl
of the original data set is the closest to the Monte Carlo generated Cl when inputs are
assumed to have a lognormal PDF. In this study we did not have enough systems to
determine the PDFs of sources with confidence. Therefore, we ran separate Monte
Carlo simulations that assumed normal, lognormal, or uniform PDFs.

Two types of models, eachittv a different type and amount of variation, were
created for the Monte Carlo simulatis. Model 1 (the energy/mass and UEV
variance model) included the variance of the energy/mass inputftdEV input.
Model 2 (the UEV only variance odel) only inclueéd variance for the UEV input.
Thus the models differed by the latter not including the variance of the energy/mass
input. Simulations ofthe energy/mass and UEV variance mawiéllreveal the total
uncertainty due to uncertainty in both types of inputsgnsas th&EV only variance

modelwill reveal uncertainty due to UEV inputs. Noting the differesiogheoutput

11



mears and variancegenerated by the two models will reveal the uncertainty due to
energy/mass input estimates.

The Monte Carlo simulation ndels1 and 2wvere made to break down the
uncertaintyof emergy analyses intmergymassandUEV inputs Ultimately, we will
be able to sathere is @5% probability thata value within this range around the
givenyield UEV meanis returned The uncertaity of the EnergiMassandUEV
inputscontributingto the total energy of a system can be broken down bysihérce
After removing thevarianceof asourcefrom the system, the resulting confidence
interval about thgield UEV mean can indicate the magmi&iof thes o u rimpad. s
Thiswill aid in interpreting eack o u r EmergyMassandUEV contribution to the
confidence interval surrounding the mean ofytieéd UEV. The goal of the
researchein this studyis to minimize the range of the confidencteiwal associated
with theyield UEV.

Recent use of Monte Carlo simulation in emergy analyses has highlighted the
potentialfor incorporating uncertainties into the field. For example, many previous
studiesmade forpetroleumhadone estimate for it8dEV, even thouglanalysts
recognizedherecould be more du severafactorslike plant source, geologic
cycles, and geological age. Brown et al. (2011) used Monte Carlo simulation to show
the uncertainty of using a singular petroleum UEV. They performeanamngy
analysis on the production of four types of fossil fuels: natural gas, crude oil,
anthracite and bituminous coal, and 4utbminouscoaland lignite. The system
sources were net primary productivity, preservation factors, and conversion

efficiencies. The authors assumed a uniform distribution oinjpgtsbased on the

12



minimum and maximums previously published for emgut A Monte Carlo
simulation produced a mean and standard deviation for each type of fossil fuel UEV.
The authors determined tithe simulated UEVs were greater than fossil fuel UEVs
provided in previous studies. The fossil fuel UEV increase from past calculations
emphasize@nincreased importance of fossil fuels in human societies.

The emergy community needs a transparent agpréo document how
uncertainty can be incorporated into an analysis to affect the estinaateebd
(specifically, the UEV of thgield). Many practitioners cite other studies in
producing their own systemb6s soauesce UEVs,
each UEV has. The tabular methodds current
that actually represent a probability distribution around a mean value. The goals of
this study are to present the benefits, opportunities, and necessity of incagporati
uncertainty into an emergy analysis, along with a framework for obtaining and
presenting uncertainty results in evaluations. The framework is based on using Monte
Carlo stochastic modeling with Excel and will be applied to crop production, with
each stp well documented. There is a need to produce uncertainties for at least a few
key sources because of how much these UEVs can vary between systems and change
the yield. Researchers can then calculate which sources most impact the yield UEV in
terms of varnce and mean value, and place more emphasis and resources on
minimizing those source uncertainti€ncesourceuncertainties are dependent on
choosing alistribution for the Monte Carlo methodology, this study attempted to
outline the effect of distriltion type on theutputUEV. The effect of uncertainty

levels included in the model was also examikeduantitative assessment of the

13



variability in emergy analyses of crop production systems was developed and

discussed based on the model and distribwecific results.
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Chapter 20bjectives

The objective of this study was sbowhow to utilize random number
generation effectively in tabfilerm emergy analyses of crop production systems to
generate results for statistical review. Tongrarchingobjective was broken in to
three questions addressed in this study.

1. Where does uncertainty originate in emergy analyses, and how much
uncertainty is propagated in a sourcebo
components?

2. Which sources are more likely to influertbe variance of theyieldd s
UEV, and how much do energy/mass and UEV compordrtsource
influencetheyield UEV?

3. How does the distribution assigned to the Monte Carlo inputs impact the

yield UEV variance?

15



Chapter 3Plan of study

To achieve these objectivehis study investigated the emergy literature on
corn and wheat production systems to find systems with similar sources that have
generated their own UEVs for crop production. Two models were created with
different levels of variation incorporated. For lkawcodel, it was assumed that the
sourceds energy/ mass and UEV inputs foll ow
lognormal, or uniform. An additive system was created for each model and
distribution that related the source emergy values to the yield emokcgyp systems.
Emergyoutputwas generated with the Monte Carlo simulation for each distribution.
The UEV of theoutputwas determined by dividing the ememytputby an energy
constant, dependent on the distribution. Confidence intervals were coedtanctind
theor i gi nal syield UE/os each medal.rSensitivity analyses were run
for each distribution on the effect of eac
the yield. Significant results were compared across the distributions atedsman
increased knowledge of uncertainty propagation in crop production systems was

created.

16



Chapter 4Methodology

Systermdescriptions

Original systems @escriptions

Crop systemg¢Figure3) are useful foelucidaing the source and propagation
of uncertainty because of their multiple interactsogircesand straight forwargield.
Corn and wheat production in particular have been heawndyyzed by emergy
scientists. They contain all of the common categories of sources analyzed in emergy

evaluatims, including renewable, locally neanewable and purchased.

Pesticides

Labor
&

Services

oil
rop

WD) | e
—/

_ product
Crop production

A 4

Figure 3: Simplified energysystemsdiagram showingthe driving forces of crop
production (Franzese et al. 20p®enewable and nerenewable sources (seed, fuel
andelectricity, machinery, fertilizer, pesticides, farm assktisorand services) all

drive the crop production pcess. This production process creates a storage of crop
biomass, part of which continues on to be an evaluated product. Another part of the
biomass storage feeds into the soil #rehinto the crop production through a

feedback loop.

17



Eight systemawvereidentified in theemergyliteraturecontaining detailed
analy®sof wheat and corn crops thatludecalculatons oftheir ownoutputcrop
UEVs (BrandtWilliams 2002 Rodrigues et al. 2008efroy and Rydberg 2003
Coppola et al. 20Q%ranzese et al. 20DRAppendk i: Table 11describes the specific
systems chosefVheat and corn systems have similar types of sources that are used
in comparable amounts. Analyzing both corn and wheat systems increased the sample
size which improved the precision of probability dissition functions, while at the
same time it increased the pilds scenario ocertainty by adding to the locations
and conditions of the harvested systems. Geographically, the systentisesglabe
to include theJnited States, Brazil, Italy, Australiand DenmarkThe temporal span
covers only three years (2001 to 2004), which minimizes technological shifts in
cropping practices. Enstudies included here as our original datanere studied to
understandbioethanol production, agroforespyacticesharvesting techniques, or
crop productivity in generall hreeof the fivepapers compadtwo or more systems
Including more than one analysis from the same publicatimyhavebiasdthe
Monte Carlooutputobtainedirom those similar inputs.

Conventionaand organic farming are two methods of farming that had been
reported in the emergy literature. Conventional (or traditional) farming included
fertilizer and/or pesticides as sources while organic systems excluded them as
sources. Organic systems wermoxed from the list of systems studied because of
the need to choose systems that had similar types of sources and relatively similar
source values. In additipthe conventional farming technique was chosen for this

study becausi wasthe majority of faming systems reported in the emergy
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literature.Systemswith similar source types will eliminate some model uncertainty.

Even limiting systems to conventional farming, the source types varied across

systems. The eleven sources that were chosen for ioielusthe study were most

representative of corn and wheat cropping systems (Table 3).

The eight observed systems were assembled to form a database. Tables were

Table 3: Selected
Sources of Corn and
Wheat Cropping
Systems

Energy Sources:
Sunlight
Evapotranspiration
Fuel

Net topsoil loss
Electricity

Labor

Material Sources:

Seed

Steel machinery
Pesticides

Phosphate (P) Fertilizer
Nitrogen(N) Fertilizer

constructed for the energy/mass (Table 4a), UEV (Table 4b), and emergy (Table 4c)

of each source andegjd. The actual values, along with means and standard deviations

summari zi

ng

t

he original

Values are presented as hectare per year.

d a Appendixtii.d s

Table 4a: Energy/mass collected from eight original systems for
ech source (1, 2, 3, ¢€) and vyi
ltem Units System

1 2 3 4 5 6 7 8

1 J dll d12 d13 d14 d15 d16 dl7 d18

2 g d21 d22 d23 d24 d25 d26 d27 d28

3 J dSl d32 d33 d34 d35 d36 d37 d38
Yield (p) J Opy | Op2 | Opg | Ops | dps | dps | Op7 | Ops

19
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Table 4b: UEV collected fran eight original systems for each
source (1, 2, 3,¢é) and yield.

Item Units System
1 2 3 4 5 6 7 8
1 S€j/J | Vi1 | Va2 | Viz | Via | Vas | Vie | Va7 | Vis
2 S€j/g | Vo1 | Vao | Va3 | Vg | Vas | Vog | Vo7 | Vag
3 S€j/J | Va1 | Va2 | Vag | Va4 | Vas | Vas | Va7z | Vag
Yield (p) S€j/J | Vp1 | Vp2 | Vpa | Vpa | Vps | Vps | Vp7 | Vpg

Table 4c: Emergy found by multiplying corresponding cells in
Table 4a and Table 4b.

Item Units System
1 2 3 4 5 6 7 8
1 S€ | Muy | Mo | Mz | My | Mys | Myg | My7 | Myg
2 se] Moy | Mz | M3 | Mg | Mps | My | Ma7 | Mag
3 sej M1 | Mgz | Mgz | Mg | M35 | Mge | M7 | Mg
Yield (p) S€j | Mp1 | Mpa | Mp3 | Mpg | Mps | Mpg | Mp7 | Mpg

Partitioning of variance for the original systems

The sum of squared standard deviations was calculated to determine the
relative contri but i on)toddthteesystam varaa r c e 6 s
(varsyg and the total source variance ).

The emergy standard deviation for each source was squared, finding the
emergy variance for each soufwar). These variances were summed to find the
total variance of the sourcégrs,y). The total sgtem variance is the uncertainty
present in the entire system and is the square of the yield estargiard deviation
(varsyg). Total sourcevariance(vars,n) is different fromthe systemvariance of the
yield emergy(varsyy because of the added uncertgiin the yield energy and yield
UEV that contribute to the system variance of the yield emergydvdihe percent

difference between the total source variance and the total system varianggi ([var

20
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valsun] / Valsyg is the uncertainty that is unexgghed by the sources, (scenario
uncertainty). The uncertainty explained by the sources (parameter uncertainty) was
found by dividing the total source variance by the total system variangg (var

Valsyy).

The percentage that each source contributecettotial variance of the
sources was recorded (vavarm,). The percentage that each source contributed to
the total system variance was also recorded [ vaifsys).

The uncertainty of the yield energy was not included in the Monte Carlo
models. Thezfore the total source variance (¥& was more representative of the
uncertainty captured by the Monte Carlo models than the total system variance
(varsyg. To further understand the original systems and their sources, an emergy
signature was createddsd on the UEV and emergy tables shown above.

Emergy signature of original systems

Emergy signatuieare traditionally created to visualize a system in terms of
the nature of the sources driving the system.sitheces are ordered along thexis
in increasing emergyer unit with the emergy valueshownon the yaxis. If the
graph is weighted towards the left, the system relies more on renewable sources,
versus a system whose sourcesd emergy magnhn
Conventionallyemergy gynaturegraphs are used to compare multiple systems and
the nature of their sources.

The emergy signature method was used in this study to compare the sources
within the average crop production system. The current study combined the eight

original systera to produce average emergy values for each source, along with their
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standard deviation3.he sources were broken in to energy and material sources and
ordered by increasing transformity and specific emergy. For example, labor had the

largest transformitynd nitrogen fertilizer had the largest specific emeftine

emergy signature graph was analyzed based on the UEV, emergy mean, and emergy

standard deviation of each source. These t

effect on the yield UEV. The sowwavith the largest of each characteristic was
hypothesized to have the largest impact orotitputUEV. The sources with the
largest impact woultiave the largest transformity or specific emergy valugth the
largest emergy values on the y axis anddhgest standard deviations.

Anot her emergy signature graph was
and emergy values i n cont eupdt These griphst h e

describing the original systems were later combined with the Moarte generated

systems for Model 1 and 2. Each distribution for the two models was compared to the

original eight systems in amergy signaturgraph to identifyprominent

discrepancies or tendencies.

Monte Carlo simulations

The values of the sources ieaelated to the yield of crop production systems
using a tabldorm analysis. There were assumed to be no interadtietiveen
sources in the production process. The Monte Carlo simulation generated emergy

outputvalues for multiple input values selectedm a distribution (Figure 4).

22
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Corn and Wheat Production

Figure 4: Stochastic uncertainty propagationin corn and wheat production.

Assuming Model 1. For each of the n sources, Monte Carlo simulation has generated
energy/mass (d) and UEV (v) inputs. There is an assumptibthéhaputs follow a

normal distribution (shown above the energy/mass and UEVs in blue). Emergy is the
product of the sourceds ene(mpaelcamhbised and UEV
to produce the emergy of tleaitput for which a PDF is developed. Theergy

values are then divided by an energy constant (in red) based on the normal

distribution, to produce the PDF of thatputUEV.

In order to generate input values, the Monte Carlo method required defining
characteristics of n awomodelpwete éusintheMoetent popul
Carlo simulations for each input distribution. Model 1 included energy/mass variance
(Figure 4), whereas Model 2 eliminated energy/mass variance. As such, there were

different Monte Carlo inputs and generatedpus foreach model and distribution.
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Based on the type of distribution (nor mal,

characteristics and a random number representing a probability distribution, the
Model 1 Monte Carlo simulation generated energy/mass and UENRpats. The

Model 2 Monte Carlo simulation generated only UEVs. The emergy value for each

source was found by multiplying together t

emergy from each source was summed, giving the total emergy. The UEV of the
outputwasfound by dividing the total emergy by the energy yield, which was taken
as a constant (i.e., n@andom variable). By choosingcanstanenergyoutput
instead ofgenerating an estimate with Monte Carlo, the uncertainty of the model was
isolated to the iputs. The energgutputconstant value was assumed to be a value
that represented the majority of eneayyputstudied in the original eight systems.
Since each distribution shifts where the observations are clustered, the energy
constant was determinedl be dependent on the distribution type.

The methodology of the Monte Carlo simulations that varied for each model
and distribution are described below in more detail. They are brgkien
distribution into Monte Carlo Inputs and Monte Cadatpus.

Normal distribution

The nor mal di stribution was used in
uncertainty with the assumptions that there was a large enough sample size and the
samples were distributed symmetrically about the mean of the samples.
Model 1. Energy/Mass and UEV Variance

A Monte Carlo Inputs-
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det



Therewere 5 inputs that are fed in to the Monte Carlo simulation for the normal
distribution.Equation 1.1 showetthe arithmetic mean of the energy/mass ingu} (

for thei™ source given the original eighystems.

d = diy +diz +-+diy
1. % N 11

N was the total number of original systems with that soudcg.every system studied
had a value for each input, Bovaried between source&quation 1.2 showeithe

sample standard deviation of the energy/mass implitf¢r thei™ source.

[
| 1

2. d_ = [
1‘;".'—1

o

* Y=y (dye — d,,)? 1.2

k stoodfor thek™ original system with the value 1 toBquation 13 showedthe
arithmeticmean of the UEV inputy(;) for thei™ source given the original eight

systems.

vyt vt vy

3. T4 N 1.3

N was the total number afriginal systems with that source. Not eveygtem studied
had a value for each input, Kovaried between sourcegquation 1.4howedhe

sample standard deviation of the UEV inpuf)(for thei™ source.

|
4. p_ = ||L*E‘;::1[vik—v#i]2 14

& 4 N-1

k stoodfor thek™ original system with the value 1 to 8.
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5. jwas a number from 0 to 1 thatdhbeen selected randomly,
following a uniform distribution. The Excel cotes

j = rand().
A Monte Carlo Outputs-

The Monte Carlo simulation produtd outpus for the norral distribution.Equation
2.lareturnedhe inverse of the normal cumulative distribution function of the

energy/mass input for th# source.
1. d; =norm.inv(j.d,.d,; ) 2.1a

Equation 2.2eturnedthe inverse of the normal cumulative disttiba function of

the UEV for theé™ source given the three parameters described (a random number j,
the arithmetic mean of the UEV inpy, and the sample standard deviation of the
UEV inputvg).

2. v; =norm.inv(j,v,, v, ) 2.2

Equation 2.3 alculgedthei™s o u r ¢ e 6 sn) andwesrfognd by multiplying the
Monte Carlo generated energy/mag} Ify the Monte Carlo generated UEY) (for

that source.

3. m;=d* v, 2.3

Thiswas repeated for each of the 11 sm#.Equation 2.4 alculatedthe emergy of
the output if,) andwas the summation of the emergy of the 8 original systems for

each source
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4. my, = EE=1m:’k 2.4

Equation 2.5 alculatedthe output UEV ;) andwas found by dividing the output

emergy (n,) by the output energylg).

2.5

62

]

Il
|3

Equation 2.5 alculatedthe output energydf) andwas equal to the arithmetic mean

of the energy of the original eight systerds)(

1 d,=d 2.6a

dp wasthus a constant rather tha random variable in the Monte Carlo simulations.

Model 2: Energy/Mass and UEV Variance

A Monte Carlo Inputs-

Therewere 4 inputs to the Monte Carlo simulation for Model 2 of the normal
distribution. Model lincluded the variance of the energy/mass ingy} for each
input, but Model 2 excluded this Monte Carlo simulation infigiation 1.1
calculatedte arithmetic mean of the energy/mass ingu} for thei™ source given

the original eight systems.

d = diy +dig + -+ diy
1. % N 11

N was the total number of myinal systems with that source. Not every system

studied had a value for each inputNswaried between sourcegquation 1.3
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calculatedhe arithmetic mean of the input UEV,{ for thei™ source given the

original eight systems.

vyt vttt vy

2. U N 1.3

N was the btal number of original systems with that input. Not every system studied
had a value for each input, Bovaried between inputs€Equation 1.4alculatedlie

sample standard deviation of the input UBY)(for thei" source.

|
— | T oww z
3. Ve = . szzl[vik - v,ul-:]

V-1 1.4

k stoodfor thek™ original system with the value 1 to 8.

4. jwas a number from 0 to 1 thatdhbeen selected randomly,
following a uniform distribution. The Excel cotes

j = rand().
A Monte Carlo Outputs-

Therewere 5outpus thatwere produced by the Monte Carlo simulation for Model 2
of the normal distributionn Model 2 the energy/mass for each soutgewas the
arithmetic average of the original systems for that sowgeand thus was eonstant
rather than a random variable in the Monte Carlo simulations. This was shown in

equation 2.1b.

1. d, =d, 2.1b
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Equation 2.2 returned the inverse of the normal cumulative distribution function of
the UEV for theé™ source giverthe three parameters described (a random number j,
the arithmetic mean of the UEV inpys, and the sample standard deviation of the
UEV inputvg).

2. v, =norm.inv(j,v,,v,) 2.2

Equation 2.3 calculated tis o u r ¢ e & sn) feunmkby mutipljhg the Monte
Carlo generated energy/masgX by the Monte Carlo generated UEY) (for that
source.

3. m=d, * v 2.3
Thiswas repeated for each of the 11 sour&spiation 2.4 calculated the emergy of

the output if,) as the summation of the emergy of the 8 original systems for each

sourcel.
— v
4. m, =Xr_ my 2.4

Equation 2.5 calculated the output UBY)(by dividing the output emergyr,) by

the output energydp).
5 v, =_F 2.5
dp
T d,=4d 2.6a

Theoutputenergy @p) was equal to the arithmetic mean of the energy of the original
eight systemsd,) and thus was a constant rather than a random variable in the Monte

Carlo simulations.
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When the Monte Carlo simulation generatedjative values, the negative
values were taken out of the sample, lowering the sample sizes. The normal
di stributionds | eft tail extends to negat:.
energy, mass, or unit emergy value. The normally disgutputs andutpus had

different sample sizes.

Lognormal distribution

The | ognor mal di stribution was used to
uncertainty with the assumptions that there are only positive emergy values for each
input, and these valuese large.

To run the Monte Carlo simulation for a lognormally distributed input, the
inverse of the lognormal cumulative distribution functvess needed. Ii) was
assumed to be normally distributed with paramaigtee mean of Ir)) andd (the
standard deviation of IB). &* was the variance of Ii&).

Il n(B) ~N(O, ) 3.1

The mean|{s) and varianceis) of B were then compute@yyub and Klir 2006

i 192
py = EJH—Z ) 3.2
ol = ng(egz_i:] 3.3

These functions were then inverted, solving f@ma ¢

2
o =In(1+ (%))
Hg 3.4

Og_ .

o= |I1n(1+ (—)?)
\ i 35
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1,
= 1 —_— =
p=In(ug) 27 36

In applying these formulas to the distinct generatioangrgy/masand UEVs,
equations3.1-3.6 weremodified.ds was used to symbolize energy/mass thas
lognormally distributed, whiles was used to symbolize UEVs that argihormally
distributed. They have been substitutedBaeen in equation 3.1 in the following
equations.

In(dg) = N(d,.d,) andin(vg) = N(v,.v,) 4.1
The symbols for the energy/mass meaand the energy/mass standard deviatipn
signify the characteristics of a normal distribution. Tés the same for the UEV
symbols.

. 1
(d, [+Edﬂ':[}

dyg, =€ 4.2
The normally distributed energy/mass megrand normally distributed energy/mass
standard deviatiod;; for each sourcewas distinguished fronthe lognormally
distributed energy/mass med; and lognormally distributed energy/mass standard

deviationdgg; for each source

dog, = (G )P(e™ = 1) 43

In this set of simulations, the inputs were assumed to follow a lognormal distribution.
Thed,gi andd; sfor each source were defined as the energy/mass mean and standard
deviation for each source of the original eight systems. The inversgg ahdd; g ;

(dyi andd;) were then the actual inputs used in the Monte Carlo simulations.

. 1
|__1,'.I[+ELD_:'_[:I

Vygs = € 4.4
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The normallydistributed UEV meany,; and normally distributed UEV standard
deviationvg; for each sourcewas distinguished from the lognormally distributed

UEV meanvyg; and lognormally distributed UEV standard deviatg# for each

source.

Vary, = (Bp,) (67 — 1) 45

The inputs were assumed to follow a lognormal distribution. \ifaeandv; gfor each
source were defined as the UEV mean and standard deviation for each source of the
original eight systems. The inverses/gf andvy s(v.i andvg) were then the actual

inputs used in the Monte Carlo simulations.

Model 1: Energy/Mass and UEV Variance

A Monte Carlo Inputs

Therewere 5inputsthatver e fed i n to the Monte Carl o si

lognormal distributionEquation 5.1 calculatethié energy/mass mean for eacurce

i (dyi)-

1. d, =In(d,,)—7d=, 5.1

Equation 5.2 calculateth¢ energy/mass standard deviation for each sauidg.

2. d, = 1||1n(1 + (:—B))
KB

\

Equation 5.3 calculated the UEV mean for each saurge.

3. vﬁl_:ln[:v#m)—iv 2 53

2 OB

Equation 5.4 calculateth¢ UEV standard deviation for each sourde; ).
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4. v, = :lln(l +(—B)) 5.4
: ! Yupi

1‘

5. jwas a number from 0 to 1 thaéd been selected randomly,
following a uniform distribution. The Excel cotes

j = rand().
A Monte Carlo Outputs

Therewere 5outpus thatwere produced by the Monte Carlo simulation for Model 2

of the normal distribution.
1. d; =lognorm.inv(jd, d, ) 6.1a

Equation 6.1laaturredthe inverse of the lognormal cumulative distribution function
of the energy/mass input for tHesource given the three parameters described above
(a random number j, the arithmetic mean of the energy/massdnpatd the sample

standard deviation of the energy/mass irgayt
2. v; = lognorm.inv(j,v,.,v,.) 6.2

Equation 6.2eturredthe inverse of the lognormal cumulative distribution function of
the UEV for theé™ source given the three parameters described above (a random
numker j, the arithmetic mean of the UB\, and the sample standard deviation of
the UEVvg ). In equation 2.3ei™s o u r ¢ e 6 sn) veasrfeundgpy muftiplying

the Monte Carlo generated energy/makg py the Monte Carlo generated UEY)(

for that saurce.
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3. m=d, * v 2.3
Thiswas repeated for each of the 11 sources.
4. m,=xi_,m, 2.4

Equation 2.4 calculatethé emergy of theutput(my) is the summation of the emergy

of the 8 original systems for each source

2.5

ol

o

Il
ot

Equation 2.5 calculatethé outputUEV (v,) by dividing theoutputemergy (n,) by

the outputenergy/massd).

A d, = geometric mean of the eight original system yields

| |
i = g = i,' i1 dpe = ;‘dpi *dpy * dpg * dps * dps * dpg * dyy * dye 2.6b

Theoutputenergy/masgdp) was equal to the geometric mean of the energy/mass of
the original eight systemsl;eop and thus was a constant rather than a random

variable in the Monte Carlo simulations.

Model 2: UEV Variance

A Monte Carlo Inputs

Therewere5 inputs thatverefed in to the Monte Carlo simulation for Model 2 of the

lognormal distribution.

1

1. d, =n(d,,)—7d:=, 5.1
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Equation 5.1 calculatethé energy/mass mean for each souidg).

z | d 2
2. d, = ||1n(1+ (5=) ) 5.2
KEBi

\

Equation 5.2 calculateti¢ energy/mass standard deviationdach source(ds).

3. v“[=1n[v“3[)—iv z 53

z 9Bi

Equation 5.3 calculatethé¢ UEV mean for eackource (V).

4. v, = :lln(l +(—B)) 5.4
: ! Yupi

1‘

Equation5.4 calculatedhe UEV standard deviation for each sourde; ).
5.7 was a number from 0 to hathad been selected randomly, following a uniform

distribution. The Excel codeasj = rand().
A Monte Carlo Outputs

1. d; was defined in equation 6.Hs the geometric mean of the
eight original systems for tH& sourcek represergdone of

the original eight systems.

g g
_ _ | | _ B3 . : : : ) . .
d;=d = | ] ldik—vdu”‘diz”‘dia”‘dm”‘dis”‘die”‘dn”‘d[s
K=

Hgani

6.1b

2. Equation 6.2 gnerated-; for thei™ source
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v; = lognerm.inv(j,v, ,v,) 6.2

Equation 6.2eturredthe inverse of the lognormal cumulative distribution function of
the UEV for theé™ source given théhree parameters described above (a random
number j, the arithmetic mean of the UE)Y, and the sample standard deviation of

the UEVvg).
3. m=d, * v 2.3

In equation 2.31ei™s o u r ¢ e 6 sn) veasrfeundgoy mufplying the Monte
Carlo generated energy/masgX by the Monte Carlo generated UEY) (for that

source. Thisvas repeated for each of the 11 sources.
4. m, = EE:imik 2.4

Equation 2.4 calculatethé emergy of theutput(m,) to bethe summation of #a

emergy of the 8 original systems for each source

2.5

62

]

Il
13

Equation 2.5 calculatethié outputUEV (vp) by dividing theoutputemergy (n,) by

the outputenergy/massa).

d =
el
A geometric mean of the eight original system outputs
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g g

d;=d | dpk:jldm*dpz*dpa*dpcl*dps*dpe*dp?*dpa

B -“_r,'s:f-'__\l =1

2.6b

Theoutputenergy/massdb) was equal to the geometric mean of the energy/mass of
the original eight systemsl(..) and thus was a constant rather than a random
variable in the Monte Carlo simulations. The geometric mean was used over the

arithmetic mean because it is less iaflaed by the larger samples.

Uniform distribution
A uniform distribution was used to represe
then interact to produamutputuncertainty for crop systems.
Model 1: Energy/Mass and UEV Variance

A Monte Carlo Inputs

Therewere5 inputs thatverefed in to the Monte Carlo simulation for Model 1 of the

uniform distribution.

1. d 7.1

Lmim

Equation 7.Xalculatedhe minimum energy/mass value of the original eight systems

for thei" source
2. d; 7.2

Equation 7.2 calculateth¢ maximum energy/mass value of the original eight systems

for thei' source
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3. v 7.3

Lmim

Equation 7.3 calculateth¢ minimum UEV value of the original eight systems for the

i" source
4. v, 7.4

Equation 7.4 calculateth¢ maximum energy/mass value of the original eight systems

for thei source

j was anumber from 0 to 1 that ddbeen selected randomly, following a uniform

distribution. The Excel codeas j = rand()
A Monte Carlo Outputs

This study used an equation where a probabitityrreda value from the specified

the uniform distribution. The uniform distribution used the minimajrad

maximum p) values of the 8 systems studied in addition to the randomly generated
probability mentioned in the normal and lognormal distributions. Every sample (
from a uniformly distributed populatidmed an equal probability of occurrendgy),
whichwas equal to the difference between the sample and the minimum divided by

the difference between the maximum and minimum.

_x—a)
E=t-0 8.1

To gener at evaluehtlzetquatianmpsl therdsslvedxor

x=F +(b-ad+a 8.2

38



These variables were then transformed into the energy/mass and UEV terms
previously employed anplaced a®utpus of the Monte Carlo simulation. There

were a total of ®utpus for Model 1 of the uniform distribution.

1. d =j*(d,__—d_)+d; 8.3a
Equation 8.3a calculatete energy/mass value for tiesource.

2. v,=j=* [vim”— v:‘m.-_-,) + v 8.4
Equation 8.4alculated th&JEV value for thé™ source.

3. m=d, * v 2.3

Equation 2.3 founchei™s o u r ¢ e & sn) by matiplgng th¢ Monte Carlo
generated energy/mas;j by the Monte Carlo generated UEY) (for that souce.

Thiswas repeated for each of the 11 sources.

Equation 2.4 calculatethé emergy of theutput(m,) as the summation of the

emergy of the 8 original systems for each source

2.5

ol

o

Il
ol

Equation 2.5 foundieoutpu UEV (vp) by dividing theoutputemergy (n,) by the

outputenergy/massd,).

dy +d,
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Equation 2.6c founcdhte uni f or m d i utputcobstahto ethed s ener gy

arithmetic mean of the maxi mum aupdt mi ni mum

Model 2: UEV Variance

A Monte Carlo Inputs

Therewere5 inputs thatverefed in to the Monte Carlo simulation for Model 2 of the

uniform distribution. Thesererethe same inputs fed in to Model 1.

1. d 7.1

Lmim

Equation 7.1 calculateth¢ minimum energy/mass value of the original eight systems

for thei source

2. d, 7.2

Equation 7.2 calculatethé¢ maximum energy/mass value of the original eight systems

for thei" source

3. v 7.3

Lmin

Equation 7.3 calculatedeéminimum UEV value of the original eight systems for the

i" source

4. vy 7.4

Equation 7.4 calculated tmeaximum energy/mass value of the original eight systems

for thei' source

40



j wasanumber from 0O to 1 that has beatested randomly, following a uniform

distribution. The Excel codeasj = rand().
A Monte Carlo Outputs

Therewere4 outpus thatwerefed in to the Monte Carlo simulation for Model 2 of
the uniform distribution. Theseariedfrom Model 1 in that the emgy/mass variance

has been removed from the simulation.

1. d. = Zimin *Pimax 3.3b

L 2
&

Model 2keptthe energy/mass of tli source as the arithmetic mean of the

maximum and minimum values for the original eight systeshewn in equation

8.3b.

2. vi=j=(v;  —vi )+ v 8.4
Equation 8.4 calculatetié¢ UEV value for thé" source.

3. m=d, * v 2.3

Equation 2.3 calculated tii8s o u r ¢ e 6 sn) by meltiplging thé Monte Carlo
generated energy/mash;j by the Monte Cdo generated UEW) for that source.

Thiswasrepeated for each of the 11 sources.
4. m, =Xy my, 2.4
Equation 2.4 calculated tleenergy of theutput(m,) as the summation of the

emergy of the 8 original systems for each source
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2.5

(62}

ot

I
A

Equation 8.4 calculated tlitputUEV (v,) by dividing theoutputemergy (n,) by

the outputenergy/massd).

dn +dy,

A 4 =-Pmin Fmax 2.6¢C

o

(2]

Equation 2.6¢ calculated ten i f or m di st outpbteonstart @aséthe ener gy
arithmetic mean of theaaxx i mum and mi ni mum of odtgute ei ght
Model Comparison
Confidence intervals surrounding the yield UEV were constructed for
different levels of uncertainty present in the models. These confidence intervals
guantified how much removingféerent system sources of uncertainty could impact
the yield UEVOs variance. The pariameeess bega
usingsums of squares for the normal PDF simulation as outlined in the previous
methodology for the original systems. Tleefficient of variation (COV) for the
yield UEV was then calculateBy combining thesenethodologiesthe sources of
uncertainty were visible and were compared adtus€nergy/mass + UEV variance,
UEV only variance, and energy/mass only variamcelels.
The Monte Carlo simulation generated an energy dBH\Avalue for each
crop systensourcewhich were multiplied together to obtain an emergy value for
eachsource Thestandard deviations of tls®urceemergy values were squared to
find the variance. Tdévariance of eackourcewas then divided by the sum of the

variances for all theourcs.
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a?;

ST SEA 9.1

Ci in Equation 9.5howed what percent eaithsourcecontributed to the
combinedsourcevariance. This is written in the previous sectiowvas/ varsym

The coefficient of variatiofCOV) of the emergyield p was used to
calaulate the confidence interval. The COV was different dependent on the model.
The coefficient of variatiors a measure of dispersion of a@mal probability

distribution, equald the standard deviation divided by the mé@afinston 1991)

cov, = i— 9.2

il

The emergyutputCOV wasthenmultiplied by 2 because the mean plus and minus 2
standard deviations covers 95% of the area under the normal probability distribution

curve(Winston 1991)

Lay

CUVPBE% = u 9.3
Equation 9.3vas then multiplied bgquation 9.1 to produce equation 9.4.
L P
¥, = v T, 9.4

The yield emergy mean and variance is the same as the yield UEV mean and variance
multiplied by a constantt was therpossible to usthe percentagé; from equation

9.4to construct 95% confidence intervals around the nyesd UEV. This
methodologywasconducted on the normal distributior both modelsThenModel

2 was subtracted fromwlodel 1to obtain theenergymassonly variance modellhe

upper confidence interval was the meatputUEV plusY; times the meanutput

UEV. The lower confidence interval wdse mearoutputUEV minusY; times the

meanoutputUEV.
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The effect the greatest sourcewvafiancein thesystem had on the confidence
interval was also visualized. The greatest sources of uncertainty were determined
from the magnitude of their percent contribution to the total uncertdiheynew
confidence intervals were formed after removing the grestestes of uncertainty
fromY,.

Visual summaryof Monte Carlosimulations

In determining where uncertainty originates in emergy analyses, frequency
graphs were made using the Monte Carlo simulatiotest visually show the
resultingoutputdistributiona nd each i n p Uihe Gusvatdeiotechi but i on
sourceb6s emergy PDF was dependent on the d
and UEVs. Each simulation generated 100 iterations, which were grouped into bins.
Bin selection methodology suggests tthegre are at least 1 to 5 values in each bin
(Winston, 1991). Splitting the 100 iterations into 5 bins allowed for at least 5 values
in each bin for theutputUEV. With the bin number 5réquency distributions were
created by grouping values ikdinsusing the minimum and maximuautput
values and size steps of 1/5 the range.

Once the bin number was selected and the methodology for splitting the
iterations into bins conducted, a table for each source and yield was created, for a
total of 12 tables. Ezn table showed graphs for models 1 and 2, the normal,
lognormal, and uniform distributions, and the energy/mass, UEV and emergy, for a
total of 18 graphs for each table. Placing the graphs in close proximity allowed for

direct comparisons. The energy/mdgterences were shown between models and
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distributions. The UEV differences were shown between models and distributions.
The emergy differences were shown between models and distributions.
The methodology for graphically representing each Monte Qajplat iand
outpubs variance and curvature has been descr
visual comparison between models and distributions. We will now focus on
mi ni mi zing each sourceo6s Vv aroutunndeemsand meas

of variance and mean shift, for each model and distribution.

Sensitivity analysis

In emergy analyses, emphasis should be placed on the collection of data for
the sources that have the largest impact ontiygutUEV mean and variancé
sensitivity analysis wasonducted for each model and distribution to determine
which source influenced the mean and the variance obtliteutUEV. For Model 1,
the variance of thenergy/masand the UEV of kourcewere minimized, while the
othersources energy/mass and UBMare allowed to fluctuatir 100 iterations.
Monte Carlo simulation generatedtput which was titled under the name of the
source whose energy/mass and UEV variance had been minimized. A bagglirte
was generated that al bsanddBYV tefmauate lmsedaonc e 6s e
their variance. The baseline for Model 1 a
UEV to fluctuate and the resultimytputUEV was recordedl'he newMonte Carlo
outputwasthencompared tdahe Model 1baseline to test wheththatsourcehad a
significant impact on the mean or variation of tigputUEV. This was repeated for
each source. A table was created showing the percent difference of each generated

outputto the baseline.
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% difference = 100 * (the generatedtputvalue- the baseline value) / the baseline
value
9.1

Since the percent difference was found (partly) by subtracting the baseline value from
the generatedutputvalue, the sign of the resulting percent difference indicated
whether the gneratedutputvalue was larger (+) or smallei) ¢han the baseline
value. This was useful in a speedy analysis of which sources lowered the variance of
theoutputUEV.

Another baseline was created for Model 2. The baseline for Model 2 kept the
energy/nass values of each source constant while the UEV values were allowed to
fluctuate and the resultimmutputUEV was recorded. Since the energy/mass was set
constanfor each sourceonly the UEV was minimizetbr one source at a time while
t he ot hsUEVssvere allavedio fluctuate.

The St debteandtthe-test were used to test for significant differences
i n mean and vari at i on oditputfor Modetsth and dand ce 6 s e f
each distribution, respectively. The null hypothesistt ed by t-TegwaSt udent 0
thattheoutputpr oduced by each sourceds variance b
from the same underlying population, with the same mean, as the original Monte
Carlooutput The test was set up as two samples with uslecariance
(heteroscedastic)andatwoa i | ed di stri bution was used be
variance is minimized, the mean could possibly shift to the left or right. When
reviewing the results for significance, the alpha value of 0.05 was selectedebetaus

the convention of reporting a 95% confidence interval (Campbell 2001; Sonnemann
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et al. 2003). A significapp-v al ue (U O 0.05) showed that
source is minimized on an individual basis, the mean of the genergmmddiffers
significantly from the originabutput The null hypothesis theTest tested was that
theoutputproduced by each sme being minimized in their variance was from the

same population, with the same variance, as the origutplt A significantp-value

( ®0.05) implied that the loweresburcevariancechangesheoutpub s v ar i ance.

The effect of the baseline soufeBFs on the mean and variance of the yield
UEV was also determined using these tests. The baselines for each PDF were
compared to each other for each model and then between modelsaunds were

recorded.
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Chapter 5Results

System®escriptions

The sysems descriptions section of the results was split into the original
systemso6 descriptions and the Monte Carl o
sections were used to determine where uncertamgjnates in emergy analses, and
how much uncertaty waspropagated in arop productiors 0 u r ene¥gy/sass and
UEV components. The Monte Carlo simulations were conducted dependent on the
distribution of the inputs, and determineaiAnthe distribution assigned to the Monte

Carlo inputs impaedthecrop yield UEV variance.

Original systemgdescriptions

The original systems energy/mass, UEV, and emergy values for each source
and yield can be found itppendix ii. The mean and standard deviations for the
energy/mass, UEV, and emergy of the original systevere described in Table 5a.
Table 5a is a reference to compare the Monte @artjputsimulations in later

sections.
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Table 5a: Original eight cropping systemsEnergy/mass input, UEV input and emergy of sou
given asarithmetic mean (mean) asthndard deviation (stddev) for one hectare over a year.

Energy/Mass UEV Emergy
(sej/unit) (se))

Unit Mean Stddev Mean Stddev | Mean | Stddev
Energy Sources 1E+06 1E+06 1E+12| 1E+12
Sunlight| J | 53,800,000 12,200,000 1 0 53.8 12.2
Evapotranspirgon | J 43,100 17,200 25,900 5.83 1,120 445
Fuel| J 4,290 4,500 107,000 7,610 474 501
Net topsoil losq J 13,800 15,200 119,000 9,270 1,650 1,890
Electricity [ J 785 758 251,000 42,100 183 186
Labor| J 37.9 87.4( 12,700,000 5,120,000 314 660
Material Sources 1E+03 1E+03 1E+06 1E+06| 1E+12| 1E+12
Seed| g 84.2 78.6 666 595 84.8 109
Steel machinery g 3.95 5.42 8,780 3,410 41.6 62.5
Pesticide§ g 3.56 3.61 12,500 11,600 67.9 103
P Fertilizer| g 25.7 24.6 26,000 10,100 550 408
N Fertilizer| g 105 47.8 27,100 14200( 2,300 742
Yield 1E+06 1E+06 1E+03 1E+03| 1E+12| 1E+12
Grain| J 59,200 46,500 249 403| 8,840 8,590

From Table 5a we see thatrogen fertilizen2.3E15 sej/haly) was the largest

contributor to the yield emergy (i.e., 44% of the yield emergy)@btiginal

systems, whileet topsoil lossvas the second largest contributor (1.65E15 sej/haly).

These two major sources also had the first and second largest standard deviations

(Table 5a).
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Partitioning of variance in the original systems

Table 5b: Emergy sum of squares partitioning for sourcesSource
variance (vaJ, total source variance (vaf), total system variance*
(vars,9 and percentages are shown.

var; var;/varsym vari/varsys
Energy Sources 1.0E25 (s€))
Sunlight 14.4 0.0% 0.0%
Evapotranspiration 19,800 3.8% 0.3%
Fuel 25,100 4.8% 0.3%
Net topsoil loss 357,000 68.2% 4.8%
Electricity 3,460 0.7% 0.0%
Labor 4,360 8.3% 0.6%
Material Sources
Seed 1,190 0.2% 0.0%
Steel machinery 397 0.1% 0.0%
Pesticides 1,060 0.2% 0.0%
P Fertilizer 16,600 3.2% 0.2%
N Fertilizer 55,100 10.5% 0.7%
varsym 523,000
vargs* 7,380,000
Varsun‘/varsys 71%

* System variaceis the variaceof the emergy yield of the original eight systems

Table 5b shows that only 7% tbfe variability in yield emergy, across the
original eight systems, could be explained by the sum of variability in the emergy of
individual sourcegvarsunfvarsyg). In other words, uncertainty in the energy/mass and
UEV parameters contributed only 7%ttal uncertainty of the yield. The vast
majority (93%) of variability in the emergy value of the crop yield was due to
scenario differences, indicating that the original eight systems varied greatly in the
combinations of sources used to achieve diffeyexitls. The original systems were
spread throughout the world in different climates on lands with different soils,
suggesting that geographic location should be a major source of variability. The yield

of corn is closely tied taitrogen fertilization ard fertilization is closely linked with
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water availability and soil properties. It is thisusitional or scenario differentieat
explairedmost of the variability in the UEV of corn produced around the world.

Of the 7% uncertainty contributdxy the enegy/mass and UEV parameters,
by far the source that contributed the most variability (4.8%)ngasopsoil loss
while no other source contributed more than 1% (TableNdt)topsoil lossates
varied greatly across the original eight systems with a atddeéviation of 15.2E9
J/haly that was greater than the mean of 13.8E9 J/haly (Table 5a); a ratio of 1.1. In
contrast the ratio of standard deviation to meamébdrtopsoil los8 BEV was only
0.08. Thus, most of the variability in emergy of soil was tduencertainty imet
topsoil losgates, nonet topsoil losYJEV.

The uncertainty of the yield energy was not included in the Monte Carlo
models. Therefore the total source variances(pwas more representative of the
uncertainty captured by the Mte Carlo models than the total system variance
(varsyy).

Emergysignatureof the original systems

Theemergy signaturgraphs were used to visually compare the magnitude of
the uncertainty associated with each source (Figure 5a). By convention thia spect
arranged the sources according to their Uk¥scending order. However, note that
arrangement for the first six sources on the left were in units of sej/J while the
remaining five on the right were in sej/g (Figure 5a). Gtog outputwas also shown
on the emergwignatureto highlight the large amount of variance associated with the

yield (Figure 5b).
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Figure 5a: Emergysignature of the sources to the original crop systems without

output. The ori gi nal eight systemséchsoeraen emer gy
with theoutputto the right. The sources have been organized in order of increasing

unit of emergy value. One standard deviation is shown in both 5 and 5b. In the case

of labor, steel machineryand pesticides, the lower standard deviatioeredd below

the xaxis.Nitrogen fertilizerandnet topsoil losare the sources with the highest

emergy means, and the largest variance.
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Figure 5b: Emergy signature of the sources to the original crop systems with
output. Showing the same informatiam emergy sourceasin Figure % butwithin
the context of theoutputemergy. The variance of the sources pales in comparison to

thevariance of the emergyutput

Monte Carlo simulations

Model 1: Energy/mass + UEV variance
Comparison of emergsignatureof the original and three simulated systems
from Model 1 showed, at first glance, that each PDF assumption gave values similar
to the original energy/mass (Figure 6a). However, there were small differences

among the PDFs for a few of the emergy sourceshawltput(Figure 6a).
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The variability predicted by each Monte Carlo simulation for the emergy
outputwas much smaller than the original systems (Table 6a). Likely, this inability of
the Monte Carlo simulations to replicate the total variability observéte original
eight systems is due toehack of ability to model thecenario uncertainty. The
Monte Carlo has no provisions for simulating the collinearity among the sources.
That is, some sources will be highly correlated in real systemgyitiogen
fertilization rates andevapotranspiratiorbut that correlation is ignored in the
simulations. For examplajtrogen fertilizatiorandEvapotranspirationates are
independently and randudy selected from their own PI3FIn the original systems,
knowing theEvapotranspirationate, and thus the approximate climatic conditions,
would dictate how muchitrogen thdarmer would add.

Thus, Model 1 is appropriate understanding parameter uncertairtitgan tell
us little about senario uncertainty. Only vem the simulated results are compared to

the original systems could we deduce somethbayagenario uncertainty.
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Figure 6a: Crop systememergy signatures: Model 1. The ori ginal ei ght

mean emergy values are shown and compared with Modeh#& dlonte Carlo
simulations for each source aodtput The Monte Carlo simulation results for

Normal (MC Normal), Lognormal, and Uniform distributions are shown. The sources
have been organized in order of increasing unit of emergy value. One standard

deviation is shown.

In general, the simulations that assumed lognormal PDFs generated values
most similar to the original systems for each source (Figure 6a). In addition, the
lognormal PDF assumption was able to duplicate the negative value of the lower
standard deviations observed fabor, steel machineryand pesticidem the original

systems, which no other PDF could slmwever, since emergy values are positive,
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the ability of the lognormal PDF to replicate a negative value may not be significant.
Graphically, we see that the uniform PDF often overestimated the emergy of sources
and theoutputwhen compared to the original systems (Figure 6a). Similarly, the
normal PDF overestimated most of the largest emergy sources, but underestimated
theoutput(Figure 6a).

The following tables showed the actual mean and standard deviation values
for each source ammutpub s ener gy / mass, UEV, and emergy
Carlo using Model 1. Table 6a covered the normal distribution, Table 6b the
lognormal distrilntion, and Table 6¢ the uniform distribution. These tables allowed

for a quantitative assessment of the emeaiggaturegraphs.

Table 6a: Monte Carlooutput of Model 1 assuming normally distributed source
energy/mass and UEVs
Energy/mass UEV Emergy
(unit/ha/yeay (sej/unit/halyear) (sej/halyear)
Unit Mean Stddev Mean Stddev | Mean | Stddev
Energy Sources 1E+06 1E+06 1E+12| 1E+12
Sunlight| J | 51,600,000 13,600,000 1 0 51.6| 13.6
Evapotranspiratiof J 45,300 18,000 25,900 6| 1,170 466
Fuel| J 5,120 2,930 108,000 7,520 556 327
Net topsoil los§ J 18,800 10,300 118,000 9,370| 2,200( 1,200
Electricity [ J 891 690 254,000 58,900 224 175
Labor| J 80 53| 12,500,00Qf 4,160,000 1,010 766
Material Sources 1E+03 1E+03 1E+06 1E+06| 1E+12 | 1E+12
Seed| g 110 64.8 863 436 85.6| 61.8
Steel machinery g 21.3 18.4 30,900 24,700 206 181
Pesticide§ g 4.46 2.81 14,900 9,870 62.4| 59.1
P Fertilizer| g 30.7 19.5 26,500 10,300 823 637
N Fertilizer| g 99.9 44.3 29,600 14,300| 2,850 1,720
Yield 1E+06 1E+06 1E+03 1E+03| 1E+12 | 1E+12
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Grain| J | 59,200* 0 118 53.0| 6,990| 3,140\

*The energy arithmetic mean of the original e

The normally distributed Monte Carlo simulation of Model 1 showed that
nitrogen fertilizerhad the highest emergy value (2.85E15 sej/haly) andastén
deviation (1.72E15sej/haly), whiteet topsoil los$iad the second largest emergy
value (2.20E15sej/haly) and standard deviation (1.20*10"15sej(fiatyle 6a).
While this ranking of these top two sources was similar to the original systems, the
ranking of their variability was flipped. While the rationfet t o p stamdatd | o0s s 0 s
deviationto its mearwas 1.1 in the original systems (Table 5a), in Model 1 with the
normal PDF assumption, the ratio was cut in half to QI&ble 6a) In contrast the
same ratio fothenitrogen fertilizatiorsourcerose from 32 in the original system to
0.60in the simulation. Thus, Model 1 altered the relative sources of variability from

the original systems, but it is not clear how that happened.
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Table 6b: Monte Carlo output of Model 1 assuming lognormally distributed source

energy/mass and UEVs

Energy/mass UEV Emergy
(unit/halyear) (sej/unit/halyear) (sej/halyear)
Unit Mean Stddev Mean Stddev | Mean | Stddev
Energy Sources 1E+06 1E+06 1E+12| 1E+12
Sunlight| J | 46,800,00q 12,100,000 1 0 46.8( 12.1
Evapotranspiratiof J 44,000 20,100 25,900 6( 1,140 521
Fuel| J 3,400 2,460 107,000 8,090 368 275
Net topsoil los§ J 10,500 13,700 119,000 9,720| 1,250( 1,750
Electricity | J 631 624 256,000 45,100 161 157
Labor| J 33 61| 12,400,009 4,600,000f 394 620
Material Sources 1E+03 1E+03 1E+06 1E+06 | 1E+12 | 1E+12
Seed| g 63.7 67.4 608 526 36.7| 56.8
Steel machinery g 3.31 5.54 8,580 3,530 206 49.8
Pesticide§ g 2.62 2.21 13,500 13,600/ 33.8 53.8
P Fertilizer| g 25.3 24.2 26,100 9,250 641 633
N Fertilizer| g 84.1 47.6 25,300 12,600| 2,120 1,510
Yield 1E+06 1E+06 1E+03 1E+03| 1E+12 | 1E+12
Grain| J 41,500* 0 159 86.0| 6,620 3,570
*The energy geometric meaupuof the original

The lognormally distbuted Monte Carlo generated systems showedttragen fertilizer
had the highest mean emergy value (2.12E15sej/haly) and second largest standard deviation
(1.51E15sej/haly) whilaet topsoil loshad the second largest emergy value (1.25E15sej/haly) an

the largest standard deviation (1.75E15sej/h@gble 6b). These rankings were identical to Model

1 above when normality was assumed.
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Table 6¢: Monte Carlo output of Model 1 assuming uniformly distributed source
energy/mass and UEVs

Energy/mass UEV Emergy

(unit/halyear) (sej/unit/halyear) (sej/halyear)
Unit Mean Stddev Mean Stddev | Mean | Stddev

Energy Sources 1E+06 1E+06 1E+12| 1E+12
Sunlight| J [ 52,900,000 9,590,000 1 0 52.9] 9.59
Evapotranspiratiof J 43,400 10,900 25,900 3| 1,120 282
Fuel| J 6,000 3,730 102,000 4,510 611 377
Net topsoil losq J 20,300 12,200 114,000 5,270 2,320| 1,420
Electricity | J 1,110 574 244,000 27,400 271 146
Labor| J 119 721 13,800,009 3,460,000 1,650 1,120

Material Sources 1E+03 1E+03 1E+06 1E+06| 1E+12 | 1E+12
Seal | ¢ 86.8 42.9 569 329| 49.7| 407

Steel machinery g 7.12 3.73 8,260 1,840 206 34.6
Pesticide§ g 7.08 2.67 14,500 7,060 989 624

P Fertilizer| ¢ 45.8 21.8 22,500 8,460 1,030 652
N Fertilizer| g 113 34.1 23,700 10,900 2,680( 1,510

Yield 1E+06 1E+06 1E+03 1E+03| 1E+12 | 1E+12
Grain| J 65,200* 0 154 39.1( 10,000 2,550

* The energy arithmetic mean found using the minimum and maximum of the original eight
systaimdgo

The uniformly distributed Monte Carlo generated systems showed that
nitrogen fertilizerad the highest emergy value (2.68E15sej/haly) and standard
deviation (1.51E15sej/haly), whiteet topsoil los$iad the second largest emergy
value (2.32E15sej/haly) and std deviation (1.42E15sej/(i6&ple 6¢). These
rankings for the means were the saméh@ normal and lognormal assumptions for

Model 1, but the standard deviaticanking was reversedh& mean emergy of the
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yield (100E15 sej/haly) for the uniform assumption was larger than for the normal
and lognormal.

All three PDF assumptions for Mdde and the original systenshiowedthat
nitrogen fertilizerandnet topsoil lossvere the sourcghat contributed the most
emergyto the yield and had the largestriance (Tables §, 6a, 6b, and 6¢)

The normally and uniformly distributed Monte Casimulations of Model 1
both showed thatitrogen fertilizerandnet topsoil losgs having comparable
standard deviations (Tables 6a and 6c), while the original systems and the
lognormally distributed Monte Carlo systems Imadl topsoil losss having a laer
standard deviation thamtrogen fertilizefTables 5a and 6b).

Model 2: UEV only variance

In Model 2we assumed zero variance for all the energy sources in order to
isolate parameter uncertainty to UEV variability solely.eknergy signature/as
creded to compare the three distributions used in the Model 2 Monte Carlo
simulation to the original systems described earlier (Figure 5b). Like Model 1, in
general, Model 2 often produced mean values similar to the original data (Figure 6b)
with a few excepons. Namely, the mean emergy of top soil ldelsor, phosphorus

andnitrogen ofterdiffered from the original data, upon visual inspection.
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Figure 6b: Crop systememergy signature Model2.The or i gi nal ei ght
mean emergy values are showwl aompared with Model 2 of the Monte Carlo

simulations for each source aodtput The Monte Carlo simulation results for

Normal (MC Normal), Lognormal, and Uniform distributions are shown. The

variance of each source aodtputexcept fomitrogen fertilzerhas obviously

decreased from Model 1 in Figure 6a. This is somewhat expected since some

uncertainty has been removed from the model.

Since the variance of the energy/mass input had been eliminated in Model 2,
t he standard devi aetgyoconiributians wee antalter tilaninr c e 6 s

Model 1 and due completely to variannehe UEV.
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In general the normal and lognormal PDF assumptions for Model 2 generated
mean emergy values most similar to the original systems for each source (Figure 6b).
The wiform distribution, on the other hand, often had larger values than the original
systems (Figure 6bkEvery distribution shoednitrogen fertilizeras the source with
the highestmeanemergyinputand the largest variance.

Similar to Model 1theoutputfor Model 2 had a much smaller standard
deviation than the original systems. Also like Model 1, Model 2 did not represent any
multicollinearity among the sources indicating that it could not represent scenario
uncertainty. Nor did Model 2 have any uncertaidue to energy sources. Thus,

Model 2 represented the fraction of uncertainty due solely to UEV uncertainty.

The following tables show the mean and standard deviation values simulated
in Model 2 for each source UEV and emergy. Table 7a covered thelnorma
distribution, while Table 7b covered the lognormal distribution, and Table 7c covered
the uniform distribution. These tables allowed for a quantitative assessment of the

emergysignaturegraphs.
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Table 7a: Monte Carlo output of Model 2 assuming niomally distributed source UEVs
Energy/mass UEV Emergy
(unit/halyear) (sej/unit/halyear) (sej/halyear)
Unit Mean Stddev| Mean Stddev [ Mean | Stddev
Energy Sources 1E+06 1E+12| 1E+09
Sunlight| J | 53,800,000* 0 1 0 53.8 0
Evapotranspiratiof J 43,100* 0 25,900 6 1,120 243
Fuel| J 4,290* 0 108,000 7,470 463 32,100
Net topsoil losq J 13,800* 0 120,000 10,500 1,650| 145,000
Electricity | J 785* 0 257,000 47,500 202| 37,300
Labor| J 38* 0] 12,900,009 5,260,000 488 | 199,000
Material Sources 1E+03 1E+06 1E+06| 1E+12| 1E+12
Seed| g 84.2* 0 841 456 70.8 38.4
Steel machinery g 3.95* 0 8,320 3,330 206 13.2
Pesticide§ g 3.56* 0 15,200 8,900 54.1 317
P Fertilizer| ¢ 25.7* 0 26,000 10,600 669 273
N Fertilizer| g 105* 0 31,900 15,100 3,350 1,580
Yield 1E+06 1E+03 1E+03| 1E+12| 1E+12
Grain| J 59,200* 0 129 255 7,630 1,510

* The energy arithmetic mean of the respective source and yield of the original eight systems

The normally distributed Monte Carlo simulation of Model 2 showedrtitiatgen

fertilizer hadthe highest emergy value (3.35E3€j/hal/y) and standard deviation (1.58E15

sej/haly), whilenet topsoil loshiad the second largest emergy value (1.65€)/Bha/y) and the

third largest standard deviation (1.45EE)/hal/y)(Table 7a).
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Table 7b: Monte Carlo output of Model 2 assuming lognormally distributed source UEVs
Energy/mass UEV Emergy
(unit/halyear) (sej/unit/halyear) (sej/halyear)
Unit Mean Stddev| Mean Stddev [ Mean | Stddev
Energy Sources 1E+06 1E+12| 1E+09
Sunlight| J | 52,500,000* 0 1 0 52.5 0
Evapotranspiratiof J 40,200* 0 25,900 6 1,040 247
Fuel| J 1,700* 0 107,000 8,120 182| 13,800
Net topsoil losq J 7,160* 0 121,000 9,090 864 65,100
Electricity | J 157* 0 250,000 47,800 39.3| 7,500
Labor| J o* 0| 13,600,000 5,700,000 118| 49,700
Material Sources 1E+03 1E+06 1E+06| 1E+12| 1E+12
Seed| g 54.8* 0 782 611 42.8 335
Steel machinery g 2.28* 0 8,940 3,430 206 7.82
Pesticide§ g 2.58* 0 11,700 10,600 30.1 27.3
P Fertilizer| ¢ 19.6* 0 25,900 10,500 508 205
N Fertilizer| g 95.5* 0 28,000 15,500 2,670 1,480
Yield 1E+06 1E+03 1E+03| 1E+12| 1E+12
Grain| J 41,500* 0 133 33.6] 5,510| 1,390

*The energy geometric mean of each respective source and yield for the original eight
systems

The lognormally distributed Monte Carlo generated systrosved thahitrogen fertilizer
had the highest mean emergy value (2.67&fHa/y) and the largest standard deviation (1.48E15
sej/haly) whilenet topsoil los$as the third largest emergy value (8.64B8égha/y) and the third

largest standard deviatid6.51E13ej/J)(Table 7b).
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Table 7c: Monte Carlo output of Model 2 assuming uniformly distributed source UEVs

Energy/mass UEV Emergy

(unit/halyear) (sej/unit/halyear) (sej/halyear)
Unit Mean Stddev| Mean Stddev [ Mean | Stddev
Energy Sources 1E+06 1E+12| 1E+09
Sunlight| J | 53,100,000* 0 1 0 53.1 0
Evapotranspiratiof J 42 500* 0 25,900 2.84 1,100 121
Fuel| J 6,320* 0 102,000 4,850 644 30,700
Net topsoil losq J 21,600* 0 115,000 5,600 2,480| 121,000
Electricity | J 1,000* 0 244,000 27,400 245 27,500
Labor| J 128* 0] 13,200,000 3,980,000f 1,700| 511,000
Material Sources 1E+03 1E+06 1E+06| 1E+12| 1E+12
Seed| g 93.1* 0 547 347 51.0 32.3
Steel machinery g 7.30* 0 8,250 1,720 206 12.5
Pesticide§ g 6.24* 0 13,100 6,480 81.6 40.5
P Fertilizer| ¢ 46.5* 0 22,200 8,470 1,030 394
N Fertilizer| g 113* 0 24,600 8,680 2,780 981
Yield 1E+06 1E+03 1E+03| 1E+12| 1E+12
Grain| J 65,200* 0 156 18.8| 10,100 1,230

* The energy arithmetic mean found using the minimum and maximum of the respective
source and yid of the original eight systems

The uniformly distributed Monte Carlo generated systems showed that
nitrogen fertilizerhad the highest emergy value (2.78E&8haly) and standard
deviation (9.81E14ej/haly), whilenet topsoil losdiad the second largeemergy
value (2.48E15ej/haly) and the fourth largest standard deviation (1.2%EjIHda/y)
(Table 7c¢).

All three PDFs and the original systestowedthatnitrogen fertilizerwas
the sourcehat contributed the mostnergyto the total emergy and héude largest
variability (Tables 5a, 7a, 7b, and 7&yet topsoil lossvas another source with large

emergy and variance contributions to tutput Model 2, without the variance
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associated with energy and mass inputs, had sotlmagntributel more emegy
with larger variances than Model 1 (Tables 7a, 7b, and 7¢)

The energy/mass values in normal PDF Model 2 were chosen to be the
arithmetic mean of the original systems with no standard deviation. Judging by the
large differences in energy/mass means betwthe Models (Tables 6a and 7a), this
approach may not have been appropriate for a few so@ted.machine§ys and
laboib s me a nin paraculay hifted the most whethe varianceof the
energy/mass inputsas removed from the modelndbothwere lower than the mean
values of Model 1.

When variance of the energy/mass input was removed and only UEV
uncertainty remained (Model 2), the emergy variance was lowered in every source for
the normal distribution (compare Tables 6a and N@ogen ferilizer was
interesting because its emergy variance value was lowered the least (by ~8%) (Tables
6a and 7a), indicating that more of its uncertainty was generated from its UEV than
its energy/mass input. Focusing on yiedd UEV, the removal of energy/mass
variance lowered thgield UEV variance by ~52% (Tables 6a and 7a), indicating that
more than half of the uncertainty for crop
energy/mass inputs rather than the UEV inputs.

The energy/mass values were chosen in lognodmaibution Model 2 to be
the geometric mean of the original systems (Tables 6b and 7b). There were larger
differences in means of the inputs between Models 1 and 2 for the lognormal
distribution than there were for the normal distributiglectricityandlabo® s me a n

inputs in particular shifted the mosndbothwerelower in Model 2 than in Model 1.
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Steel machinerprad a much lower change in UEV variance between models in the
lognormal distribution when compared to the normal distribution (comp@ahtes
6a and 7a to 6b and 7b).

In removing energy/mass input variance, the variafitke emergy outpus
lowered in every source in the lognormal distribution (Tables 6b and 7b) as was the
case in the normal distributioNitrogen fertilizeris interesting in that its variance
was loweredhe leastTheoutputUEV variance changed by ~61% between models,
supporting the previous conclusion that more than half of the uncertainty for crop
production comes from the energy/mass input rather than the UEsinp

The energy/mass values were chosen in uniform distribution Model 2 to be the
arithmetic meamf the maximum and minimuwf the original systems (Tables 6¢
and 7c). There were smaller differences in energy/mass, UEV, and emergy means
between the Model®r the uniform distribution compared to the normal and
lognormal distributionsT hi s suggested that the uniform
were less dependent on the amount of uncertainty in the model when compared to the
normal and lognormal distributig. While the normal and lognormal distributions
had prominent shifts of the energy/mass means to the left on the number line, the
uniform distribution shows energy/mass means scattered larger and smaller than their
Model 1 counterparts.

In removing energmassvariance, the emergy variance was lowered in every
source in the uniform distribution (Tables 6¢ and 7c) as in the normal and lognormal
distributions, but much more evenNitrogen fertilizervariance was the least

lowered in both of the otherdist but i ons, but with a uniform
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emergy variance was the least lowered mitrdgen fertilizerwas the second least
lowered. Theyield UEV variance changed between models.
Model Comparison

The model comparisons made below were adidaon the ormal PDF
assumption for the Monte Carlo inputhis section outlines the percent contribution
of each sourceds ener gy/ mas s ofthaamergye V
yield when considering the normal distribution of inputs. The largergmages of
uncertainty areontributed bythe sources that most likely influence yield UEV
variance, shown in this section by the confidence intervals produced by removing
specific uncertainties.

Energymass+ UEV variancemodelresults showethecropyield UEV as
havinga coefficient of variance 045%. This wasfound by dividing theyield UEV
standard deviation biygs mean The COV was a measure of total system uncertainty
relative to the mean yield UEWThe crop yield emergy had the sa@®V of 45%
because the yield UEV was a multiple of the yield emefggyield UEV COV of
45% waspartitioned among each soutse&nergy/masgarianceandUEV variance
(Table 8a) Of the45%, 25% was from energy/masarianceand20% was from
UEV variance

Of all thesources of uncertaintpitrogen fertilizer UEWariancewas the
largest (9%), followed bynet topsoil losgnergy 11%), nitrogen fertilizemrmass
(4%), andlaborenergy(5%). Out of 22inputs(11 energy/mass inputs and WEV

inputs),4 inputscontributed more than 8 of the uncertainty of the yield UEV

These 4 inputs wenet topsoil loss energy, labor energy, nitrogen fertilizer UEV and
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nitrogen fertilizer mass datAs for uncertainty due to UEV variance, only two
sourcesl@borand phosphorus felizer) other thamitrogen fertilizercontributed
more than 0.5% (Tablea@ More often, the uncertainty associated with how much

energy or mass was used in the system added moeetainty than the UEV.

Table 8a: Thesourcepatrtition of the emergy yield uncertainty into the
Energy/Mass Variance Model and the UEV Variance ModelNormal PDF
was assumed.

Energy/Mass
Energy/Mass Variance
and UEV UEV (Model 1
Variance Variance minus Model

(Model 1) (Model 2) 2)

Energy Sources

Sunlight 0% 0% 0%
Evapotraspiration 1.6%% 0% 1.69%
Fuel 0.8 0.01% 0.82%
Net topsoil loss 11.18% 0.16% 11.02%
Electricity 0.24% 0.01% 0.23%
Labor 4.56% 0.30% 4.26%
Mass Sources

Seed 0.03% 0.01% 0.02%
Steel machinery 0.2%% 0% 0.25%
Pesticides 0.03% 0.01% 0.02%
P Fertilize 3.15% 0.568% 2.5%
N Fertilizer 22.97%0 18.7%% 4.23%

Coefficient of Variance of
yield UEV 44.92% 19.7%% 25.13%

Confidence intervals (95%) around thea i g i n a Imeascyop fieElms 0
UEV were estimated to demonstrate the effect of removing some ebthces of
uncertainty(Table 8b).The totalparametecoefficient of variance of 45% was
multiplied by 2 to obtain 90%he partitionedsariancegvar, / var,) for the [

source were then multiplied by 90% to obtain for each source the percenthge of
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mean that when added to and subtracted from the mean, resulted in the 95%
confidence interval.

When thenitrogenUEV variance was removed from the model, 9586
confidence interval was reduced dramatically to 4% of the mean (Table 8b). This was
muchsmaller than energy/mass + UBYly variance model, the energy/mass

varianceonly model, and the UEV varian@mnly model with thenitrogenvariance

included.
Table 8b: The 95% confidence interval of the yield UEVThe confidence intervals (+2 ( )
aresur ounding the yield UEV mean of the or
variance represents tBeenario and parameter uncertainty in crop production. This is com
to the Monte Carlanodelswhere only parameter uncertainty is pres€éhe Monte Carlo
models are shown belownergy/mass UEV variance, UEMonly variance, UEVonly
variance minus the variance of thig¢ogen fertilizersource, andreergymassonly variance.

Lower Mean Upper 95% | Range of | Range/mean

95% Confidence | ClI

Confidence Interval

Interval
Original System8 vy i -557,000| 249,000 1,060,000 1,610,000 647%
UEV
EnergyMassand UEV
only variance(M1) 25,300 249,000 473,000{ 447,000 180%
UEV only variance (M2)

150,000{ 249,000 348,000, 197,000 7%

UEV only variance
minusnitrogenfertilizer 244,000/ 249,000 254,000 10,500 4%
Energymass only
variance(M1-M2) 124,000| 249,000 374,000, 250,000 101%

The visual summry section below focused on comparing the models
gualitativelyby source.
Visual summary of Monte Carlo simulations
The following figures were created to visualize where uncertainty originates
in emergy analyses and applied in the current cisep poduction systems. These

figures focused on uncertainty originating at a specific point in the tabular procedure
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when the sourceds energy/ mass and UEV inpu
sourcebd6s emergy. The Mont sour€drllpancsi mul ati o
yield were graphed below (Figure-7§ using 5 bins. One standard deviation was
shown about the mean providing context between the graphs. Model 2 was shown
below Model 1 for each distribution for direct comparison vertically, withxthgis
showing the same scale. The axes were different between the energy/mass, UEV, and
emergy values, so a visual comparison between them was not directly applicable.
However, since the axes were still present, it was possible to make comparisons
takingthe axes of energy/mass, UEV, and emergy into consideration.

The objective of determining where uncertainty originates in emergy analyses
was broken down into 2 parts for the analysis of this section:
1) visualize the shift in the emergy column from Mbiieéo Model 2 rows, and
2) visualize the effect of the energy/mass PDF and the UEV PDF (columns 1 and 2)
on the emergy PDF (column 3). This part also partially addressed the objective of
determining the impact of the PDF on the yield UEV.

The shift betwee Model 1 and Model 2 showed the impact of the
energy/ mass input on the sourceds emergy Vv
was a large amount of energy/mass input variance. If there was a smaller shift, there
was a smaller amount of energy/magauinvariance, meaning the UEV input
variance contributed significantly to the
analysis will quantitate this shift between models. For now, the distance between the

dashed red lines qualitatively showed the shiftivieen models.
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To visualize the effects of the multiplied PDF types on the emergy PDF, only
the Model 1 rows were examined. The Model 2 rows multiplied the UEV PDF by a

constant, so that the resulting emergy PDF was the same UEV PDF.
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Figure 7a: Monte Carlo simulation graphs forsunlight source.The rows show

the graphs specific for each distribution (Normal, Lognormal,lmtbrm) and

model (M1 and M2). Theolumnsshow on the saxis the energy/mass, UEV, and
emergy for each graph, while theyis is the frequency of occurance. The arithmetic
mean is shown in a solid red line with one standard deviation shown as dashed red
lines.

All of the variance in theunlightsolar emergy source was from the
energy/mass estimate (Figure 7a). Assumption of the PDdarfitight affected the
PDF of the solar emergy contributeddmnlight directly, since the UEV aofunlightis
1 (Figure 7a). Asaming a normal PDF for theinlight energy produced a bethaped
PDF for thesunlight solar emergy. Assuming a lognormal PDF for shelight
energy produced a lognormal PDF with a rigkéwed tail (Figure 7a). Assuming a
uniform PDF for thesunlightscur ce6s ener gy/ mass produced
similar probability for each value (Figure 7a). Regardless of which type of PDF was
assumed, all of the variance originated from the estimate sfittight energy rather

than its UEV (Figure 7a).
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Figure 7b: Monte Carlo simulation graphs for evapotranspiration source.The

rows show the graphs specific for each distribution (Normal, Lognoamdl,

Uniform) and model (M1 and M2). The columns show on Haxis the energy/mass,

UEV, and emergy for each graph, while thaxys is the frequency of occurance. The

arithmetic mean is shown in a solid red line with one standard deviation shown as

dasheded lines.

The majority of the variance in tleapotranspiratiosolar emergy source
was from the energy/mass estimate, while only a small amount was from the UEV of
evapotranspiratioifFigure 7b). Assumption of the PDFs faapotranspiration
energy andJEV affected the PDF of the solar emergy contributed by
evapotranspiratioifFigure 7b). Assuming normal PDFs for both the
evapotranspiratioenergy and UEV produced a behaped PDF for the
evapotranspiratiosolar emergy. Assuming a logprmal for boththe
evapotranspiratioenergy and UEV produced a PDF that more closely resembled a
log-normal distribution with its rightkewed tail (Figure 7b). Assuming uniform
PDFs for bothevapotranspiratiomenergy and UEV produced a PDF resembling a
uniform distritution (Figure 7b). Regardless of which type of PDF was assumed,
most of the variance originated from the estimate obtla@otranspiratiomnergy

rather than its UEV (Figure 7b).
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Figure 7c: Monte Carlo simulation graphs forfuel source.The rows show the
graphs specific for each distribution (Normal, Lognormal, @nidorm) and model

(M1 and M2). Thecolumnsshow on the saxis the energy/masbEV, and emergy

for each graph, while thegxis is the frequency of occurance. The arithmetic mean
is shown in a solid red line with one standard deviation shown as dashed red lines.

The majority of the variance in thesél solar emergy source was frone
energy/mass estimate, while only aatihamount was from the UEV ofiél. This is
seen by the similarities between #rergyand emergy graphs (Figure 7c).
Assumption of the PDFs fouél energy and UEV affected the PDF loé solar
emergy contribute@y fuel (Figure 7c). Assming normal PDFs for both thadl
energy and UEV pragted a belshaped PDF for theaiél solar emergy. Assuming a
log-normal for both tk fuel energy and UEV produced a PDF that more closely
resembled a logormal distribution wth its rightskewed tail (Figure 7c)Assuming
uniform PDFs for bothuel energy and UEV produced a PDF resembling a uniform
distribution (Figure 7c). Regardless of which type of PDF was assumed, most of the
variance orignated from the estimate of thaeef energy rather than its UEV (Figure

7C).
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Figure 7d: Monte Carlo simulation graphs for net topsoil losssource.The rows
show the graphs spiéic for each distribution (Normal, Lognormal, abdiform)
and model (M1 and M2). Theolumnsshow on the saxis the energy/mass, UEV,
and emergy for each graph, while thaxis is the frequency of occurance. The
arithmetic mean is shown in a solid déee with one standard deviation shown as

dashed red lines.

The majority of the variance in tmet topsoil lossolar emergy source was
from the energy/mass estimate, while only a small amount was from the UV of
topsoil loss This is seen by the silarities between the energy and emergy graphs
(Figure 7d), as well as the much lower variance of the emergy graphs in the Model 2
rows compared to the Model 1 rows. Assumption of the PDRsefidopsoil loss
energy and UEV affected the PDF of the sotaeryy contributed byettopsoil loss
(Figure 7d). Assuming normal PDFs for both tiettopsoil lossenergy and UEV
produced a bekshaped PDF for theettopsoil losssolar emergy. Assuming a log
normal for both theettopsoil lossenergy and UEV proded a PDF that more
closely resembled a legormal distribution with its rightkewed tail (Figure 7d).
Assuming uniform PDFs for bothettopsoil lossenergy and UEV produced a PDF
resembling a uniform distribution (Figure 7d). Regardless of which typ®&fwas
assumed, most of the variance originated from the estimate éttupsoil loss

energy rather than its UEV (Figure 7d).
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Figure 7e: Monte Carlo simulation graphs for electricity source.The rows show

the graphs specific for each distribution (Normal, Lognormallmtbrm) and

model (M1 and M2). Theolumnsshow on the saxis the energy/mass, UEV, and
emergy for each graph, while theyis is the frequency of occurance. The arithmetic
mean is shown in a solid red line with one standard deviation shown as dashed red

lines.

The majority of the variance in tleectricity solar emergy source was from
the energy/mass estimate, while a demamount was from the UEV efectricity.
The variance of thelectricityis larger than the other sources studied so far, and
seems to affect the shape of the emergy curve (Figure 7e). Assumption of the PDFs
for electricityenergy and UEV affected théF of the solar emergy contributed by
electricity (Figure 7e). Assuming normal PDFs for both éhectricityenergy and
UEV produced a beshaped PDF for thelectricitysolar emergy. Assuming a log
normal for both thelectricityenergy and UEV producedPDF that more closely
resembled a logormal distribution with its rightkewed tail (Figure 7€). Assuming
uniform PDFs for botkelectricityenergy and UEV produced a PDF resembling a

uniform distribution (Figure 7e).
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Figure 7f: Monte Carlo simulation graphs for labor source.The rows show the
graphs specific for each distribution (Normal, Lognormal, @niform) and model
(M1 and M2). Thecolumnsshow on the saxis the energy/mass, UEV, and emergy
for each graph, while theaxis is the frequency of occurance. The arithmetic mean
is shown in a solid red line with one standard deviation shown as dashed red lines.
The majority of the variance thelaborsolar emergy source was from the
energy/mass estimate, while a smaller amount was from the UBYMaf(Figure 7).
Assumption of the PDFs féaborenergy and UEV affected the PDF of the solar
emergy contributed biabor(Figure 7f). Assuming@rmal PDFs for both thiabor
energy and UEV produced a skewed {sblhped PDF for thieaborsolar emergy. The
standard deviation of the original systemslédrorwas large, meaning that some
values produced by the model were negative. These values iseaseded, making a
smaller left tail and skewed curve shape for the normal PDF. Assumingnatiogl
for both thelaborenergy and UEV produced a PDF that more closely resembled a
log-normal distribution with its rightkewed tail (Figure 7f). Assumingnifiorm
PDFs for botHaborenergy and UEV produced a PDF resembling a uniform
distribution (Figure 7f). The uniform PDF shows less of energy/mass parameter

variance than the other two distributions (Figure 7f).
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Figure 7g: Monte Carlo simulation graphs forseed sourceThe rows show the
graphs specific for each distribution (Normal, Lognormal, @niform) and model

(M1 and M2). Thecolumnsshow ornthe xaxis the mass, UEV, and emergy for each
graph, while the yaxis is the frequency of occurance. The arithmetic mean is shown
in a solid red line with one standard deviation shown as dashed red lines.

The variance in theeed solar emergy source waditssomewhat evenly
between the mass estimate and the UESeetdFigure 7g). When enerfgipass
variance is removed from the system (moving from Model 1 to Model 2), the distance
of the red lines in the emergy graphs shorten slightly (Figure 7g). Faesoguch as
evapotranspirationthe change from Model 1 to Model 2 in the emergy column has
greatly decreased the distance of the red lines (Figure 7b).This implies that the energy
variance is much more significant ferapotranspiratiothanseed Assumpion of
the PDFs foseedmass and UEV affected the PDF of the solar emergy contributed by
seedFigure 7g). Assuming normal PDFs for both seednass and UEV produced
a bellshaped PDF for theeedsolar emergy. Assuming a lagprmal for both the
seedmass and UEV produced a PDF that more closely resembledreologal
distribution with its rightskewed tail (Figure 7g). Assuming uniform PDFs for both

seedmass and UEV produced a PDF resembling a uniform distribution (Figure 79).

86



Steel Machinery

Steel Machinery

Steel Machinery

90— , - 90—, .
80 | i 1 80—+ +
1 i
70 ! 70—+ +
b i | | | i
s z60— 1 H L] 601 +
g ¢ ! z H i
= 3501 1 H S50 1 1
© gao { ! Fao 1A i
c =304 1 - / \ i
1
= 20— i 0 L i
o 4 - T 10 / L‘_i__._———.
Z o Vi i o ¥
- ]
2200 17800 27800 3780f 5155E+10 5413 P
Mass (g) UEV (sej/g) i .
8 Emergy (sej)
Steel Machiner Steel Machinery Steel Machinery
50 90
80 20
70 70
N g0 .60
= %ig £50
s || £ Fo
w30 £
& 20 10
S 10 20
Z o T 10
2.206+03 7.80E+03 1.78E+04 2.78E+04 3.78ER0) o
Mass (g) 51556410 -2.256+13 4.775§
UEV (sei/g) Emergy (se])

Steel Machinery

Steel Machinery

Steel Machinery

‘_‘ ]
= !
S g H
S|l - i
c H
c) ]
o ey
| 2306403 7.70E+03 1776404 2.776+04 3776404 J7 51556410 -2.25E+13 4.775E+14
Mass (g) UEV (sej/g) Emergy (sej)
Steel Machingr Steel Machinery Steel Machinery|

20
N 80
> 70
— 260 =
o] S 5o g

=3 =1

IS gao g
= = I
o o \
CCD ;o k
3 0 : . . » . ‘

-2300 17700 27700 37700 5.155E+10 -2.25E+13 4.775E+14

Mass (g) UEV (sei/g) Emergy (sej)
Steel Machinery Steel Machinery Steel Machinery

80| 8
— 70
= Zo 260

g § 50
E gao :l,'ao I
B £ H ’,
I 20 20— \
= 10 4
c o 0
) 2200 17800 27800 37800 478 5.155£:10 -2.25E+13 4.775E
Mass (g) UEV (sej/g) Emergy (sej)

87




Steel Machinery Steel Machinery Steel Machinery

o
-3

>

-

Frequency
0B O
D00 0O

Uniform M2

o i

L

2200 7800 17800 27800 37800 4180
Mass (g)

UEV (sef/g) Emergy (sej)

5.155E+10 -2.25E+13 4. 775E+14

Figure 7h: Monte Carlo simulation graphs for steel machinerysource.The rows
show the graphs specific for each distribution (Normal, LognormalUaifdrm)

and mode(M1 and M2). Thecolumnsshow on the saxis the mass, UEV, and

emergy for each graph, while theayis is the frequency of occurance. The arithmetic
mean is shown in a solid red line with one standard deviation shown as dashed red

lines.

The majority of tle variance in theteel machinergolar emergy source was
from the mass estimate, while a smaller amount was from the UEéelf
machinery(Figure 7h). Assumption of the PDFs &ieelmachineryenergy and UEV
affected the PDF of the solar emergy contirdal bysteelmachinery(Figure 7h).
Assuming normal PDFs for both teeeelmachinerymass and UEV produced a PDF
for thesteelmachinerysolar emergy that was not quite bell shaped due to the need to
take out negative values from the model. Assumingyantomal for both theteel
machinerymass and UEV produced a PDF that more closely resembleehariol
distribution with its rightskewed tail (Figure 7h). Assuming uniform PDFs for both
steelmachinerymass and UEV produced a PDF resembling a unifbstnibution
(Figure 7h). The normal PDF shows most of the variance originating from the

estimate of theteelmachinerymass rather than its UEV (Figure 7h). The lognormal
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and uniform PDFs were also affected by the removal of the énemggvariance, bt

to a lesser extent.
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Figure 7i: Monte Carlo simulation graphs for pesticides sourceThe rows show

the graphs specific for each distributioNofmal, Lognormal, antUniform) and

model (M1 and M2). Theolumnsshow on the saxis the mass, UEV, and emergy
for each graph, while theaxis is the frequency of occurance. The arithmetic mean
is shown in a solid red line with one standard deviatiomnvares dashed red lines.

The variance in thegsticides solar emergy source was split somewhat evenly
between the mass estimate and the UEpesticideqFigure 7i). When energy
variance is removed from the system (moving from Model 1 to Model 2), tlaenciést
of the red lines in the emergy graphs shorten slightly (Figure 7i). For sources such as
evapotranspirationthe change from Model 1 to Model 2 in the emergy column has
greatly decreased the distance of the red lines (Figure 7b). This implies that the
energymassvariance is much more significant ferapotranspiratiothanpesticides
Assumption of the PDFs faresticidesnass and UEV affected the PDF of the solar
emergy contributed bgesticidegFigure 7i). Assuming normal PDFs for both the

pesticids mass and UEV produced a skewed-sekhped PDF for thgesticidesolar
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emergy. The standard deviation of the original systemgdsticidesvas large,

meaning that some values produced by the model were negative. These values were
discarded, making &swed curve shape for the normal PDF. Assuming atrgal

for both thepesticidesnass and UEV produced a PDF that more closely resembled a
log-normal distribution with its rightkewed tail (Figure 7i). Assuming uniform

PDFs for bottpesticidesnass ad UEV produced a PDF resembling a uniform

distribution (Figure 7i).
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Figure 7j: Monte Carlo simulation graphs for phosphate fertilizer source.The
rows show the graphs specific for each distribution (Normal, Lognormal, and
Uniform) and model (M1 and M2). Thewlumnsshow on the »axis the mass, UEV,
and emergy for each graph, while thaxis is the frequency of occurance. The
arithmetic mean is slwn in a solid red line with one standard deviation shown as
dashed red lines.

A smaller amount of the variance in thleosphate fertilizesolar emergy
source was from the mass estimate. The UEV variangbasphatdertilizer wasa
major component of wertainty in solar emergy ttie phosphatdertilizer source
(Figure 7j). Assumption of the PDFs fohosphatdertilizer massand UEV affected

the PDF of the solar emergy contributedpbysphatdertilizer (Figure 7j). Assuming
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normal PDFs for both thehosphatdertilizer massand UEV produced a bedhaped
PDF for thephosphatdertilizer solaremergy. Assuming a legormal for both the
phosphatdertilizer massand UEV produced a PDF that more closely resembled a
log-normal distribution with its rightkewed tail (Figure 7j). Assuming uniform
PDFs for both th@hosphatdertilizer massand UEV produced a PDF resembling a

uniform distribution (Figure 7j).
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Figure 7k: Monte Carlo simulation graphs for nitrogen fertilizer source.The

rows show the graphs specific for each distribution (Normal, Lognormal, and
Uniform) and model (M1 and M2). Thedlumnsshow on the saxis the mass, UE

and emergy for each graph, while thaxis is the frequency of occurance. The
arithmetic mean is shown in a solid red line with one standard deviation shown as

dashed red lines.

The majority of the variance in timtrogen fertilizersolar emergy souecwas
from the UEV input (Figure 7k). There was barely any change in the distance
between the red lines in the emergy graphs when eineaggvariance was removed
from the system (moving from Model 1 to Model 2) (Figure 7k). For sources such as
evapotranspation, the change from Model 1 to Model 2 in the emergy column had
greatly decreased the distance of the red lines (Figure 7b). This implies that the
energy variance is much more significantéoapotranspiratiothannitrogen
fertilizer. Assumption othe PDFs fonitrogen fertilizermass and UEV affected the
PDF of the solar emergy contributediyrogen fertilizerFigure 7k). Assuming
normal PDFs for both theitrogen fertilizermass andts UEV produced a belhaped
PDF for thenitrogen fertilizersolar emergy. Assuming a lewrmal for both the
nitrogen fertilizermass and UEV produced a PDF that more closely resembled a log

normal distribution with a rightkewed tail (Figure 7k). Assuming uniform PDFs for
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bothnitrogen fertilizermass and UEVneduced a PDF that ended up resembling a
lognormal PDF (Figure 7k). The Modeltaphsof both the normal and uniform

PDFs showed a slight lognormal tendency.
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