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Preface

This report has been produced by the UK Energy Resea
Policy Assessment (TPA) function.

The TPA was set up to address key controversies in the energy field thro ugh
comprehensive assessments of the current state of knowledge. It aims to provide
authoritative reports that set high standards for rigour and transparency, while

explaining results in a way that is useful to policymakers.

This report forms partofthe TPAS&s assess mentformnéar devm physioat e
constraints on global oil supply . The subject of this assessment was chosen after
consultation with energy sector stakeholders and upon the recommendation of the

TPA Advisory Group, which is comprised of independent experts from government,
academia and the private sector. The assessment addresses the following question:

What evidence is there to support the proposition that the global supply of
6conventional oi Il & wildl be constr defaree2830hy physi cal de

The results of the project are summarised in a Main Report , supported by the
following Technical Reports
1. Data sources and issues
Definition and interpretation of reserve estimates
Nature and importance of reserve growth
Decline rates and depl  etion rates
Methods for estimating ultimately recoverable resources
Methods for forecasting future oil supply

N o g Mo

Comparison of global supply forecasts

The assessment was led by the Sussex Energy Group (SEG) at the University of
Sussex, with contributions fro m the Centre for Energy Policy and Technology at
Imperial College, the Energy and Resources Group at the University of California
(Berkeley) and a number of independent consultants . The assessment was overseen
by a panel of experts and is very wide ranging , reviewing more than 500 studies and
reports from around the world.

Technical Report 6: Methods of forecasting future oil supply is authored by Adam
Brandt of the Energy =~ and Resources Group at UC  Berk eley. It describes the different
methodologies availabl e for forecasting oil supply, identif ies their key assumptions

and sensitivities and assesses their strengths and weaknesses. It highlights a
convergence in the literature and draws conclusions regarding the predictive value of
such models and the confiden  ce that may be placed in the forecasts obtained.
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Executive Summary

For over a century, oil depletion has repebtesiirfaced as an issue obncern.The
mathematicalmethods used to understand oil depletion and to predict future oll
production have bemme more sophisticated over time: poedyantified concern over
future oil resources in the early®6entury has given way to sophisticated simulations of

oil discovery and extraction. This systematic review assesses the insight offered by these
methoddogies and critically evaluates their usefulness in projecting future oil production.

It focuses on maels that project future rates of pifoduction, and does not address the
modeling or estimation of oil resourcesd.,ultimately recoverable resources URR).

Models reviewed includethe Hubbert methodologypther curve-fitting methods,
simulations of resource discovery and extractidnet ai | e b p © b ontctdderh s
theoretical and empiricalconomicmodels ofoil resource depletianmportant exarples

of published models are discussed, dmel henefits and drawbacks$ these modelsire
outlined.| alsodiscuss the physical amtonomic assumptions that serve as the basis for
the studied models

Simple mathematical modetze reviewed firstResouce exhaustion models based on

the reserveto-production ratio have been used since the eaflyc2dtury. These models
areunfit for understanding even the gross behavior of future oil supplsethey account

for neither reserve growth naampirically-observed shapes of oil production profiles
Curvefitting methodsbeganwith the early handirawn modelof Hubbertand Ayres.
Hubbert later built hidogistic model of oil depletion.The key characteristics of the
Hubbert method include: a logistic cumudat discovery function, a symmetric
production profile, and the use of ultimately recoverable reserves (URR) as an exogenous
constraint.

Hu b b e r tisgiredvaaniety ofrelatedcurvefitting modelswhich relax one or more

of his key assumptionsSomerely on nonlogistic functions,such as exponential, linear,

or Gaussian curvessomemodels exhibit asymmetric rates of increase and degrease
allowing them tocloselyfit production profiles that have decline rates that differ from
their rates of increse.Other models, often callgi@inulti-cycled models treat production

as the sunof a number of technologicallyr geological distinctcycles of development.

There are aariety of arguments made support of usingdpell-shaped curvedyut these
are not rigorous in generaland arguments based on the central limit theorem are
especiallydifficult to justify. Empirical results suggest that bslaped functions are
useful for fitting historical production profiles, but that they are by no means excinsive
this respect.Also, the increased complexity ahulti-cycle modelsoften results in
spurious precision of model fib databecause such models laalpriori justification for

the specific timing or magnitudd any given cycle

Simulation models of ib depletion differ from curvditting models in that they do not

assume a given function for oil production curgesy, a beltshaped logistic function)
but insteadepresenphysical and economic mechanisofg¢he discovey and extraction
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of oil. Such mechanisticaspects can includdiscovey probabilities orthe increasing
difficulty of oil extradion as a function of depletionThe most complex of these
simulations model the investment and extraction of a number of competingsiueisas
conventionacrude oilandunconventional hydrocarbotike tar sands

Unfortunately, simulation models ammplex anddifficult to understand ocritique.

This hinders a key goal of mathematical modeling: to increase our understanding of how
the oil production sgtem functionsAs model complexity increases, trexgjuirednumber

of data inputs andnodel parameters increases as weften timesthe primary dataon

which to base such modelputsare of poor quality or areimply not available This can

result in anincrease in the number of assumptioaquired, thus negating some of the
value of their increased detail.

Bottomup models of oil depletionutilize detailed datasets of reserves and production,
oftenincluding data at the fieltkvel. These models allowelatively straightforward and
simple assumptions about fielelivel production behavior to be summed into aggregate
regional or global production curves that exhibit considerable complexity and, in
principle, could accurately reproducgbserved productioprofiles. These models are
critiqued because they are baseddatasets that are not publically availableaddition

their complexity requiresnany assumptions based on modeler judgmBuoth of these
characteristics, which are fundamental to the ntim give it much of its strength
hinder theability of other authors to replicate or improve onsér@odels.

There are two primary types of economic oil depletion moagiBmal depletion models
and econometric model$heoretical models of optimaésource depletioare createdo
analytically explore the economic tradeoffs between produekitpustiblereurces
now or producing them at a later timghey are very simple, which is advantageous
because they allow tractable analytical solutions tdeav@lopedEconanetric models of
oil depletionform the mechanistic counterpart tloeoreticaimodels of optimal depletion.
These modelsequire significantlymore input data than optimal depletion modé$
particular importance arefi h y b recodametric models that include simple
representidons of physical aspectf oil production guch as the relationship between
depletion level and extraction costa addition to more traditional economic variables
such as the oil price

There are difficulties withboth types of econometric model&conomic optimal
depletion models angroblematicbecause they are largely the@rat and have littleor no

representation of thepecificsof oil production. This is a consequence of kespthe

modelssimple so thathtey remairanalytically tractableln contrast, eonometric models
caninclude manyvariables affectingil production, and therefore caxhibit excellent
fidelity to historical production datdJnfortunately,this fidelity tends not to beobust

when usd for anything butshortterm predictions.

We conclude this reviewith a number of synthesizing thoughts. We first classify all

major reviewed models along four dimensions of variability: 1) their emphasis on
physical or economic aspects of oil productid) their scale, 3) their degree of
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representation of mechanistic details of the oil production process, 4antheir
complexity. Interestingly, a number of modelghat are based on quite disparate
assumptions (e.g., physical simulation vs. economic m@bti depletion) produce
approximatelybell-shaped production profile¥his is a hopeful convergence, because a
good number of observed historical production profilesapproximatelybell-shaped.

The mathematical and analytical tools used to determmeytlality of fit of models to
historical datamake it difficult to determine definitively whéer one model type is
superior. Availableempirical datasuggest that a number of different functions are useful
for fitting historical cata And experience withhe results of complex simulation models
suggests thafidelity in fitting historical data does nandicate that a model will be
successful in forecastirfgture production.

Skepticism is warranted regarding the ability of simple models to preatictprecision
the date of peak oil productioBespite thisthey are likely useil for making predictions
of the decade of peak produsti for a given URR estimaté. also argue that more
detailed models have significant advantages for-texar forecasts but that the many
uncertainties involvedreduce this advantage famaking longterm predictions.l
emphasize that attempting to use angdels to make detailed predictions is likedynot
be useful, because many aspects of the wamddnot included ieventhe most complex
models.

Increasing model complexity is often not a useful wayntwdase model fidelityAnd, in
fact, increasing model fidelitthough additional complexitis detrimental to the other
important goalof modeling oil depletion, which i® increase our understanding of the
physical and economprocesses underlying oil depletion.

Lastly, | argue that forecding the physical aspects of oil depletieithout also including

the economis of substitution withalternatives to conventiongletroleum (e.g.coat

liquids or the tar sands) rests in unrealisticprojections of future energy supplBy
ignoring this adaptive substitution process, models ignore the important economic and
environmental impacts that will arise from this transitiorstbstitutes for conventional
petroleum.

UK Energy Research Centre UKERC/WP/TPA/2009/021



UK Energy Research Centre UKERC/WP/TPA/2009/021



Xi

Contents
1 INTRODUGCTION ...iiiiiiiiiiiiiieeeiet ettt ettt ettt e e e e e e e e e et saateee et e aaeaaaaeeaeeaassaaamnneaaaaeeeaesaasaaaaannnnnes 1
1.1 OUTLINE OF REPORT STRICTURE ....ctttutuuittaeeaeaietettimaaeaaaeeassstassanaaaaaaasaaaasaaasaaaaaeeeessssnnnnnnnnns 2
1.2 TERMINOLOGY AND MATHEMATICAL FORMULATION ....uiiiieeeiiiiiieiiiinininmmmserntninsaeseeeaeaaeeeesnns 3
2 SIMPLE MODELS OF OIL DEPLETION ...coiiiiiiiiei it e et ee e 5
21 EARLY CONCERNS ABOUT OIL DEPETION ......iiiitieteititttttaaaasessnnaseeeeeaaeeeesssssnnneesesssssnnnnnns 5
2.2 RESERVE TO PRODUCTIONRATIO: THE SIMPLESTAMODELO OF DEPLETION. ....ccvvvveereeesnereneeenns 5
3 CURVE-FITTING MODELS OF Ol L DEPLETION .....uutiiiiiiiiiiiiiiieiie et 7
3.1 HUBBERTES LOGISTIC MODEL c..uuttieiteesiitteeeeeessmmaessssteseeaesssnasseeeaessmmnesssnsssseesessnsssseesessnnnesss 7
3.2 OTHER CURVEFITTING MODELS......utttttttttettttttetteeaaaaserneeetetteetaaaaaaassssimaseseesasaesassassassannnnnns 10
3.2.1 Gaussian models of oIl depletion............ccccuiiiiiiii e ee e 10
3.2.2 Exponential models of Oil depletion...........ccooviiiii e 10
3.2.3  Linear models of Oil QHELION..........coiiiiiiiiii e 14
3.2.4  Multi-cycle and mulfuNCtion MOAEIS..........coiiiiiiiiiiiiire e 14
3.2.5  Asymmetric Smooth CURBEING MOEIS...........oouuiiiiiiiiiiiee e 16
3.3 DIFFICULTIES WITH CURVE-FITTING MODELS......ceetiieiiiiiuuettnttenieeessaaansnsennrsssneeeeeessnnnssnssnnes 17
3.3.1 IsURR areliable CONSrANI?........coeiiiiiiiiiiee ettt 17
3.3.2  Are bellshaped models better than other model types?.........cccvvveeiiiiceeniiiiieee e 18
3.3.3  Are production profiles really SymmetriC?.......ccccovvviiiiiiiiieeee e 23
4 SYSTEMS SIMULATION: RESOURCES, DISCOVERY RATES, AND TECHNOLOGIES .25
4.1 SIMPLE SIMULATIONS OF EXPLORATION AND EXTRACTION ...ceievererrrnninneseeeeaaaassaseeeeeeeeeeennes 25
4.2 COMPLEX SIMULATIONS OF FINDING AND EXTRACTION ....vtuuuuiaieeeeeeeereeensimeneeseeensrnnnnnnsneeeas 26
4.2.1 System dynamics and oil depletion: A series of madels............cccoovvvimeeeriiiiriiiiiinnnnn, 26
4.2.2 Simulating the oil trasition: Depletion as a starting point............ccoecvvvereeiecceereeiennen. 31
4.3 DIFFICULTIES WITH SIMULATION MODELS ......uuttuttttteeeeeeereessaasssessesseeeereereesseseeessssmseeeeeeeeeees 34
5 BOTTOM -UP MODELS: BUILDING UP OIL DEPLETIO N FROM THE FIELD LEV EL ...37
5.1 NEAR-TERM PREDICTIONS USNG DETAILED DATASETS.c.etttitiieeeeeeieesiassnennneeeeaeeessasannnnnnnnnnes 37
5.2 OPPORTUNITIES AND DIFICULTIES WITH BOTTOM-UP MODELS......ttttertireererreereeeeeeeeeeeeeeeeenees 40
6 ECONOMIC MODELS OF O IL DEPLETION oottt cecceeee e e e e 43
6.1 ECONOMIC OPTIMAL DEPLETION THEORY......ceitttiteittinnnunn s ameessnnnasaaeeeeeeeseeeessssinnmeeeeesssnnnnnns 43
6.1.1 Extensions to optimal depletion theary................coiiiiieeciiiiiiii e 45
6.1.2 Reconciling optimal depletion theory with observed behavior...............ccoooeeee a7
6.2 ECONOMETRIC MODELS OFOIL DEPLETION ..cccvtvititiiiaieeeeeeeteeneeseeeeeeeeenennnnnnnnne s seesnnnnneeeee . A8
6.2.1 Early econometric models of oil and gas SUPPIY......oeeemrieieiiiiiicceiieie e ceeeeeann A8
6.2.2 Models eérived from theories of intertemporal optimization....................oeeceeeennnn..... 49
6.2.3  Hybrid models of 0il and gas SUPPIY......ceeeeiiiriiiiieiieeerieee e 50
6.3 DIFFICULTIES WITH ECONOMIC MODELS.....uuteitittieetitti s eeteeeeeestan s eeaeetnn s eeseesansmeassseeessnnaeaees 53
6.3.1 Optimal depletion theory: Simplicity as a benefit and a difficulty..............cccccvvveeernn. 54
6.3.2 Difficulties with econometric motieg of Oil SUPPIY.........evveiiiiiiiiiiiiiic e, 55
7 SYNTHESIZING THOUGHT S: WHAT HAVE WE LEAR NED?......ccccviiiiiiiieeeeee e ceeeeeieeieed 57
7.1 A VARIETY OF MODEL TYPES. ...t ttuuuuttuttneeeeeeesranassssssssssnseseeerereessammmsssssssmmsmrmrmmeeteeeeesmmnnes 57
7.1.1 Trends suggested by model classification.............ccuuuvueiieemiiiiiiiiiiiiieiieeeeeec e 61
7.2 PREDICTION, UNDERSTANDING, AND COMPLEXITY ...cettttttuiuuiaaaaaeaetetenenaeaaeaeeeeeeessesnnnnnssenes 62
7.2.1  Which model fits historical data best?...........cccoeviiiiiiiieee 63
7.2.2 Empirical comparisons of model fit...............iiiiiiaiiiii 64
7.2.3 Complexity and thpurpose of Modeling............oooiiiiiiiiie e 65
7.2.4 Making forecasts: Promise and pitfallS..........ccccoiiiiiiiieec e 68

UK Energy Research Centre UKERC/WP/TPA/2009/021



Xii

7.3 MOVING FORWARD: IMPROVING OIL DEPLETON MODELING .....uuuuusieieeeeeeeeeeenrneeeeeeeeennnnnnn s 72
8 CONCLUSIONS ... mrrr e 75
9 REFERENCES.... ..ottt 77

UK Energy Research Centre UKERC/WP/TPA/2009/021



1 Introduction

Concernabout the availability of oilemergedsoon after the birth of the modern oil
industry and has resurfacedrepeatedlysince leading to numerous predictions of
impending exhaustion ofoil resources And while these projections wergenerally
proven incorrect (sometimes spectacularly so), thedutever seemed assurddhis is
because, ag\delman (1997) argued,the oil industry isfundamentallyii a -df-wagy
between depletion and knowledgénd althaughknowledge has won out over depletion
for the last 150 ya&rs, allowing us tancreaseoil productionalmost continuouslythere is
uncertaintyabout how much longer this can continue.

There aretwo keyquestiondacing those who attempt taodeloil depletion First,how
much recoverableoil exist® Answering this questionrequires estimatingiltimately
recoverable resourcétlRR), the amounof oil thatcanbe economicallyproduced over
all time. See a companion repofBorrell and Speirs 2009pr a discussion of this
problem.Secontly, we can askhow quickly willthis stock of oilbe depleted, and what
path will production take over tiMeThis isthe problenof how oneconvertsan estimat
of URR into an estimate duture rates of oil productionThis report addresses this
guestionby reviewing themathematicamethod used to projeatates ofoil production
over time

Quantitative understanohg of oil depletion has increased significantly over the last
century.Calculatiors of the exhaustiortime of remainingoil resourcesvere performed
as early a4909, althougtthe methods used wesample (Day 1909) By mid-century,
methods ofpredicing field-level productionwere usal in evaluating theeconomis of
producing fields(Arps 1945) and statistical methods were devekxh to better project
how much oil is likely to be found in a given regifdaufman 1983)In the 1950s and
1960s, curvefitting techriques were usetb forecastpetroleum productionaccuately
predictingthe peak inUS oil productionin 1970 (Hubbert 1956)After the oil crisis of
1973, he problem of oil depletioreceived greattgention from economistgemporarily
elevating thearea of resource depletion to a field of vigorousotietical exploration
(Krautkraemer 1998)And findly, the 1970s and 1980s saw increasing focus on
econometric modelingf oil discovery and extractiorfWalls 1992) Interest in oil
depletion wanedafter the oil price declineof the mid 1980sresultingin a declinein
academidnterest until recently

Oil depletionmodelsvary in many ways but threedimensions ardey (see Figure 1).
First, he level of aggregatiowvaries between modelsome nodels project global
production while othersmodelproduction from individuafields. Second some models
fit a theoreticalfunction to historicaldata to project futurgroduction while others
attempt tomodelthe mechanismgoverningoil discovery and extractiorLasty, some
modelsrely primarily uponon economic reasoning, while otheemphasizehe physical
nature of oil depletion

! This list is not exhaustive, and other important dimensions include: model complexity, forecasting period
(near vs. longerm); maturity of the forecasteegion(i.e., unexplored, prpeak, or pospeak); or the
production of deterministic (point value) or probabilistic res{Bshuenemeyer 1981]pther classification
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Figure 1. Three of the dimensions along which oil depletion models vary. The level of aggregatio
is shown by the vertical dimension, the level of mechanistic detail is givéy the horizontal
dimension, and the intellectual grounding of the model is represented by the depth dimension.

The modés reviewedin this report inhabit different portions of the space represented in

Figure 1. Some models clearly inhabit omegion of this diagram like a global curve

fitting model that utilizes a physicallyasedexponential depletion functiafWwood, Long

et al. 2000) Other models attempt to bridge the gap between theereat of these

dimensons, such aa field-level modelthatfi b usiulpdd t o a gl obal depl et
(Miller 2005) or a model thatusesprobabilistic properties of the energy system to
generatehe functioral forms used in curve fittin¢gBardi 2005)

What insight is offered by tlse methods of modeling oil depletiBriwWhich of these
models best reprodudestoricaldaté? And, giventhe uncertaintiegvolved, ae any of
these methods useful for predicting the course of future oil producTibis?systematic
reviewattempts to address these questions.

1.1 Outline of report structure

A wide range of rathematical modslof oil depletion ae reviewed:. | start by outlining
simple quantitative models (Sectid), followed by arvefitting methals such as
Hubber6 s  me($ehtiondB). Next | review simulations of resource discovery and
extraction(Section4), a n d i k@ fielddenel projections of neaerm production
(Sectionb). Lastly, | revieweconomic modelsf oil depletion(Section6).

For each modeling approach, | discuss its physical and/or economic basis, including its
grounding in observed dathattempt to critique each model within its original context,
and save ovarching critiques that apply across classkesodels for the synthesizing

systems havbeen used to group modelalls (1992)groups models into geologic/engineering and
econometric models, while Kaufm&h983)groups models of oil resote estimation into six categories.
2 This review represents a comprehensive survey of the publishedepiaved literature. Some nqreer
reviewed industry journals such @d & Gas Journalare included, as well as a few prominent or
particularly orighal works published in the informal or government literature.
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discussionl do not review models usddr predicting productiorirom individualfields
(i.e. expmential or hyperboliceclinecurveg (Arps 1945)1 also do ot reviewstatistical
A di s cpooecesampdels because thegre more typically used to estimdt#RR (Arps
and Roberts 1958; Drew and Schuenemeyer 1993)

| conclude byaddresmg overarching topicgSection7). Frst, | classify the variety of

models reviewed in the papalong a number of dimensions and discuss a convergence
across a numberof modeptye s t owshdp éd el pr odluhertquestion pr of i |
whet her we can determine which model Awor K:¢
profiles.l thensummarize wat is known about the predictive valuetbésemodels and

discuss the role of complexity in the predictive ability of models.ohctude by

describing one wain which future oil depletion models could be improved.

1.2 Terminology and mathematical formulat ion

Some terms are used repeatedly throughout this reporproduction profile or
production curves a plot of oil production with volumes of oil produced plotted on the
y-axis and time on the-axis. The production cycleis the compte production profe
from the start oproductionto whenthe resource is exhausted.

Reservesre the volume of oil estimated be extractable from known depositsder
current technical and market conditions. The level of confidence in these estimates is
typically indicated by the termprovedreserves (1Pproved and probableeserves (2P)

and proved, probable and possibleserves (3P). Typically, only proved reserves
estimates are publicly available.

Cumulative discoveriefor a region represent the sum @imulative productionand
reserves in known depositSstimates of cumulative discoveries tend to grow over time,
as a result of iproved recovery, additional discoveri@snd other factors. This is
commonly referred to asserve growthalthough it ismore accuratg the estimates of
cumulative discoveries that are growingthexr than declared reserveSltimately
recoverable resourcegURR) are the volume of oil estimated to leeonomically
extractable from a field or regiawver all time. For known deposjtthie URR represents
the sum of cumulative discoveries and estimates of future reserve grBatha
geographical region, the URR represents the sum of cumulative discoveries, future
reserve growth anget to findresources. Theemaining resourcefor a regionare all the
resources that have yet to be producealculated by subtracting cumulative production
from the estimate of URR.

Nearly all models presented in this review are of the general mathematicdl form:
y=1(X,%,%2 ,b,b,,0,2)+e€. eq.l

% A good reference for the statistics of model fitting is the NIST Engineering Statistics Handbook.
(NIST/SEMATECH 2008)
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Table 1. Mathematical notation used in this study

t Time, typicallymeasured in years

to Initial time period (fir$ year of production or first year of model fit)

tpeak Year of peak oil production

tex Year d exhaustion of oil resources

P(t) or P Qil production in a given yedr equal toQ 6 (ortd{/dt

Po Oil production in initial yeaty

Ppeak Oil production inyeartpeq, Or maximum oil production rate

Q(t)orQ  Cumulative oil production to yearequal to sum oP(t) from yeardytot

Qp Ultimately recoverable resoure¢URR) equal to sum oP(t) from yeardyt o.
D(t) Cumulative discoveries to year

R(t)orR  Current reserves in year

M(t) orM  Remaining resources in yeaequal toQp - Q(t). M(t) is larger tharR(t) due to
undiscovered oil and reserve growth.

Finc Rate of increase of oil production

Il dec Rate of decrease of oil production

Here thedependent variablg is a functionf of a set of input dat;, parameter$;, and

r andom *dnrnodel fitting, historical values of the dependent variable and input
data are used tfit the model so as tsolve forthe values of the parametdss These
fitted values off; are then used to make predictions splving themodel for future
values of the input data. In nearly all cases described here the dependent vafiabile is
production in a given year, and common input data include the year, URR, or oil price.

In general, | refer to model parametérs this reportasparameteror free parameters

| refer tox; as theinput data or as annput time seriesf a series of observations (e.qg.,
yearly oil price) isused inf. | will often call a given input datum eonstraintif it is a

value that in some instancestbé model could be treated as a free parameter, but in this
case is assigned a fixed valdeor instance, in some simple curfiting models, the

value of URR can be left free to vary (therefore a free parameter), but in most instances a
fixed value is povided for URR in order to constrain the fitting algorithm amgbrove
modelresults.

Also, in order to mke the varietyof models outlined hereomparable, | standardizleeir
mathematicahotation wherevepossible(seeTablel). Therefore notationusedherewill
not alwaysalign with notation in theited work,but mathematical equivalency will be
maintained.

“ Other names for these parts of a model are the response vayjaind predictor variables;]. Because

most oil depletion models are not built by statisticians, the random error component is generally not made

explicit. Authors of such models generally acknowledge implicitly that there is an error term, through
suggestions that their model is, for example, fAonly &

UK Energy Research Centre UKERC/WP/TPA/2009/021



2 Simple models of oil depletion
The smplestmodels of oil depletion usestimates of recoverable oibmesto calculate
future availability of oi] often by calculating the exhaustion time of known resources

2.1 Early concerns about oil depletion

Estimates of the lifetime of remainingl resources were developed at least as early as
1883 (Olien and Olien 1993)At that time, US geologists Lesleyand Carll predcted
exhaustion ofbil in  a g e nByrthe tuin mhthe®d century, concermbout oil
depletion began to increase du® rapid growth in automobile usdn 1905 the
automobi e ent husi aierseess Ageaggedlz h alte available supply of

g a s o lisiquite lémited, and it behooves the farseeing men of the motor car industry to
l ook f or | i WeCashy 2001pTheeicancetng rentaingzborly quantified

urtil the development of simple mathematicaddels of oil depletion.

2.2 Reserve to production ratiooT he si mpl est fAmodel

of depletion
The simplest mathematical model of oil depletiothis reservao-production ratio R/P
ratio). The number of years untieserve exhaustiortef is calculatedby dividing an
estimate ofcurrent reserves(R), or sometimesremaining resource¢M), by current
production(P):

P, ’
OI,

t. =

ex

eq.3

oz

BecauseM accounts for reserve growth apelt-to-find oil, theestimateof tex from eq.2

will be larger. Figure 2 (left) shows he production profile imtitly assumed byR/P

models These bear little relationship to actual production experieviagations of the
R/P methodology have been used since at least the early ([204909) If production
grows exponentially at rate after the initial model yeasp, as shown irFigure 2 (right),

then

tex
ﬁDe“dt= R, eq.4
to
or if we solve fortey,
1 aRr .§
t, =— n%— +18.5 eq.5
r ¢P =

® Of courseM could also be used in placeRfn this model as well.
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Figure 2. Left: Production profile assumed by simple reservéo-production ratio model, with R a
200 Gbbl (eg.2)andM& 600 Gb bl (eq. 3). Ri g h t-to-prdéluctiod u c
ratio assuming exponential producion growth (eq. 4).Each curve hasRa 600 Gbbl o
growth rates of 0.01, 0.02, and 0.04Yin the low, medium and high cases, respectively.

Use of the R/P ratio has a long histabay (1909; 1909)published such calculations in
Congressional reports apdpular sources, causing significant conad@iien and Olien
1993) He argued thavil resourcesvould be depleted in 90 yeaas thencurrentrates of
production, but that witlgrowth only 25 years would be requirdeserveto-production
methods have been usedntinuously since, especially in popular andurnalistic
accounts of oil depletiorfmost frequently in support of optimistic assesstaeof
resource availability)

Reserveto-production modelsare deficient Comparing reserves to production iga

fallacious apprach based on circular reasonmin@/cCabe 1998)Reservesat least in

regulated marketsare estimats of what is currently known to be economically

producibleat a given level of confidencaotthe total oil in place Thus, R/Pmeasure

the inventoryof discovered and deleated petroleum depositgtthe exhaustion time of

the petroleum resourcélso, praluction does not stay constard will not decline to

zero in a single yealt was acknowledgelbng agothat production would peak and then

decline, not following the impliciR/P profiles shown abovd-or example White (1920)

calculatedan R/P of 14 to 16 years, but argued thatgbak wouldo c cur A wi t hi n f

yvvar¢ and possibly within three.d

For these reason®&/P models areof virtually no use inpredicting oil availability.
Despitethis, they continue to be used because/thes a t iatufalyeaciion that most
peopl e haveo when figure @yndastaedow muchdoil @maingets/e r v e
calculating how many years are left if production remains congéu@abe 1998

® Journalistic use of R/P occed as early as 1920, when the New York Tiifi€20)cited a Bureau of

Mi nes calculation that the United States fhas only ar
" White (1922)also gives an intriguing discussion of depletion that sounds remarkably similadésm

concerns, despite its formality: fAour prodigal spendi
depletion if not its early exhaustion in the midst of our spendthrift career, and at some untoward moment

send us as beggars to foreign coustfa@ the precious fluid not only to satisfy our extravagant habits but

even to sustain our industrial prosperity, our standeze
8A recent example is Tony Hayward, CEO of isBhBt who st at
the world is running out of hydrocarbons. Not so. The world has ample resources, with more than 40 years

of proven oil reservesé. o
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3 Curve -fitting models of oil depletion
Mathematical arvefitting® models of di production have been used since the 1980s
variety of models exishut theirgeneralpproachs as follows:

1. Define amathematical functiotto statistically fit tohistorical production data. These
functionsdo not modetausal mechasms(i.e., production is a functioonly of time
or cumulative extraction)lhe most common forns a bellshaped logistic function.

2. Include constraints to improve the qualifyprojections mde from the model fitThe
most 1%ommoly usedconstraint isthat total production must be less thestimated
URR:

3. Fit the congtined model to historical daiaorderto projectfuture productiort?

Curvefitting modelsvary in thefunctionused, in thaiseof URR as a constrairandin
the assumptiofor not) of symmetryof themodelfunction

3.1 Hubbert 06 dogistic model

The most welknown curvefitting model is that of M. King Hubbert Hubbertfirst
produced a schematic of his model of resource depletion in 1949, followddsby
projection offuture US oil production in 195Hubbert 1949; Hubbert 1956Yhile
some analysts argue that thegseojections were unprecedentetiere were important
historical antecedentso Hu b bert s met hods.

The idea that oil production follovs a bellshaped profilewas advanced uite early.
Arnold (1916)n o t e d the chest of th@ production curve is not a sharp peak, but is
represented by a more or less wavy danfde work of Hewett(1929) was cited by
Hubbert (1972) as a urce of inspiration Hewett applied a lifecycle framework to
resource production, arguirtgat mineral producing regions would undemaeris of
smoohedpeaks, withthe earliest peak iaxports, and later peaks the number of mills
andsmeltersandin production of metals.

In 1949, Hubbertplotted asymmetical bellshaped projections of fossil energy
productionover time.No function was definedor the curvehesimplyarguedt hat @At he
production curve of any given species of fossil fuel will rise, pass through one or several

maxi ma, and then declHubbertl®9)y mptotically to z

Ayres madesimilar projectionsa few years latefAyres 1952; 1953)In 1953 Ayres
predicted that United Stategpeak productionof oil would occurin 1960 or 1970

° This is not the only way to describe these mod@@03)uses t he pejorative term e
curvefitting methodologies. WiorkowsKil981)r e f er s t o t hedbexmodeldsel asbibh

they subsume all effects a single trend that is a function of time.

19 Another constraint used is that the production curve is analogous to the discovery curve but shifted in

time.

™ A related approach fits a mathematical function to historical data on either cumulative jproduct

cumulative discoveries and uses thigstimatehe URR. These approaches are discussed in detail in a

companion reporgSorrell and Speirs 2009)

tr
sk

B
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depending on the level of ultimatecovery (100 or 200 Gbbl URRespectively.

Ay r @esliGtionpredatedHu b ber t 6 s f a moduyearspusedh iidenticelon by
estimate ofURR, and arrived at the sampeak date(Ayres 1953) Also, in 1952 tte
President 6s Mat er i alRsesourceslfar Eraedo@mimpuaitastendo n st u d
widely read study of the day, predicted peaks of 1963 to 1967 in two scefRIMex

192).

In March of 1956 Hubbert famously predictedhat US oil production would peak
betweenabout 1965and 1970(Hubbert 1956) These two projectiondiffered by the

value of URR used to constrain the cury@50 and200 Gbb] respectively) This
predictionwassubsequentlghown to be accurate when United States production peaked

in1970.l nt erestingly, one month earl i@waset han Hu
Manhattan Banlpublished a prediction showing a peak in US oil production in 1970 as

well (Pogue, Hillet al. 1956)" Also, in June of 1956, lon predictadbeak bateen 1965

and 1975lon 1956).

In 1959 Hubbert first applied the logistic functionas a mathematicalmodel for
cumulative oil and gas discexies By plotting cumulative discoveries as a function of
t i mes,i ganofi d 0 generated,evhish esfit with tHegistic function.This curve
can be gtrapolated to find theasymptote of cumiative discovery (otJRR). This value

of URR can then be used to constréhe production curve, asumulative production
over all time must be less than or equal to cumulative discoVéri¢s.cbes not give
justification for his choice athe logistic functionstating that

if we plot a curve of cumulative production for any given area, this curve will start from
zero with a very low slope, because of the slow rate of initial production, dnthevi

rise more or less exponentially before finally leveling off asymptotidalsome ultimate
guantityé

Hubbert published paperantil the 1980s utilizing these basic methodde also
developed related analytical methodiscluding modelingcumulaive discovery as a
function of exploratory effor(Hubbert 1967)In 198Q he publisheda full derivation of
his logistic mode(Hubbert 1980)This includes a derivation of the logistic curivem
an assumption that thrateof growth of cumulative production fornasparaboldthat is,
the growth rate will beero at the beginng and endf production from a regignThe
resulting function for cumulative production is

Q(t) = Qﬂ_a t-t) | eq.6
L+ Ne ™)

Herea governs thespread of curvandNp is a dimensionless factor equal to
NO — Qn - QO .
Q

eq.7

2 Hubbert cites this text in his 1956 paper, so it is known that he read their work. The text of this article
states that the {46&Kk diel lairp®t® shinthe pdakirel®209 6 5

3 Hubbert also shifted the cumulative discovery curve by a fixed time increment to fit cumulative
production datalt is unclear how primary this method was in his model fitting.

UK Energy Research Centre UKERC/WP/TPA/2009/021



700 A 80
©- Low

o Low A
70 11 & Med A4
~A- High [\

D
o
o

w B a
o o o
o o o
L L L
Production (Gbblly)
w B [4)) (2]
o o o

Cumulative production (Gbbl)
N
o
o
L

=

o

o
s

10 ]
o
0 e 0 0000 \A,““m“ ~
0 5 10 15 20 25 30 35 40 45 50 0 5 10 15 20 25 30 35 40 45 50
Year Year

Figure 3. Left: Cumulative production in a logistic oil production model.In all cases URR is 600
Gbbl, and Qp is 0.2 Gbbl at timety; =1. a equals 0.25, 0.35, and 0.5 in the low, medium, and high
cases, respectively. Right: Production in a logistic oil production model, using same settings as
cumulative production curves.

In this equationQ equals he cumulative production in ye#y. Production inyeart is
given byP(t), the derivative oQ(t) with respect to time:

aNOe- a(t-ty)
e N2 f

Figure 3 plots cumulative productior@(t) (left) andannual productioriP(t) (right) from
Hu b b dogigti@nsodel

P(t) = d(dgf) =Q,

eq.8

In order to solve for the freparameters in the model4 anda), Hubbert developed a
technique nowcalled AHubbert linearizatioa (Deffeyes 2003) He started with an
assumption of a parabolic form for the differential equation governing the logistic curve:

(fj_(t? =aQ- bQ eq.9

This parabola has no constant tetmcauselQ/dt= 0 whenQ = 0. We alsoknow that
the growth rate must also equal zero when all oil has been prodRce®4d), soaQy 1
bQy? = 0,and thusb = a/Q, . Therefore

dQ_

a 2
—a0- —
dt Q Q. Q eq.10
and we can divide both sides of this equatioby
dQ/dt . a
Q Q. eq.11

Hubbert realized thahis equationcan be plotted as a straight line (ohQ/dt)/Qvs. Q
spaceSdving this linear equation for theixtercept (with(dQ/dt)/Q= 0) gives the value

of Qp.* This technique haseen a modern resurgence as a variation of the conventional
Hubbert techniquéDeffeyes 2003)It simply represets a transformation of theodel

into aspace where logistic behavior appdarsar. This improveghe ability of the eye to

4 Similar techniques have long been used taleh the production from individual fields (Arps, 1945).

However, at the field level, the pgstak decline in production is normally assumed to takexponential
form, leading to a linear relationship betwet) andQ(t) when the data are transformietb logarithmic

space.
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spot alogistic trend and deviations from it, but offers difference in the mathematical
properties of théit.™

3.2 Other curve -fitting models

A variety of Hubbertlike curvefitting models existThesemodds shareproperties of the
Hubbert methodwhile relaxing or altering some of its assumptions.Some key
assumptionsf Hubbert mathematical methoidclude™®

1. Productionprofile isgiven bythe first demvative of the logistic function;

2. Productionprofile is symmetric (i.emaximum production occamwhen the resource
is half depletec@nd its functional form is equivalent on both sides of the ¢urve

3. Productionfollows discovery witha constant time lag;

4. Production increases anlcreases in a single cyeighout multiple peaks

Curvefitting models that relax some or all of these assumptions are described below

3.2.1 Gaussian models of oil depletion
In contrast to the logistic function, a Gaussian model of oil production is useddigea
researcher@artlett 2000; Brandt 2007)

aeé' (t' tpeak)2
_ ® 252 0 eq.12
P(t) - I:)peakeg ’

wherel is the standard deviatiqwidth of the curve)Brandt(2007)uses an asymmetric
version of the Gaussian curve to testdgmmetry in production curves:

o}
0

a;e. (t'tpeak)zg
® 2f(t)2 0

: eq.13
keg ’

P(t) = I:)pea
where
sdec - sinc

F(t) =5 gec - Lo

In eq. 14, Uy, andUqec arethe standard deviatisron the increasingnddecreasingides

of the production curvek governs the rate at which shifts from the increasing to
decreaing value Note that forsmall values of, Ui, dominates, whil&lsecdominates at
large values of. Schematic plots ofonventional and asymmetric Gaussian functions are
givenin Figure4.

eq.14

3.2.2 Exponential models of oil depletion
Exponential decline in production at the field level was noted dg aa 1908(Arps
1945) In 1916 Arnold arguethatfiithe rate of decrease[Blased on t he previ o

15 caithamer(2007)argues that fitting a line to linearized data at certain points in production history would
result in infinite oil production being projectédihile the behavior of the transformed data will eventually
settle and &w projection to the axis, it is unclear how soon one can be certain that this has occurred.

1 Hubbert (e.g.,1982) argued repeatedly and forcefully that the production profile in reality need not be
symmetric or belshaped in reality, but himathematicemodelswere always based on this simplified
formulation.
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Figure 4. Symmetric (medium) and asymmetric (low, high Gaussian oil production profiles.
Cumul ative production over allhallyaseals.s 10dyeat anl
toeak= 25 years.lgec= 20, 10, and 5 years in low, medium, high cases, respectively.

production, becoming gradually less and le€xponential regional production curves
are often justified by anady with field-level modelsof exponentiaproduction decline,
butit is unclear whether this analogy holds rigoroddly.

Exponential growth or decay is characterized by a conpmentagehange in theate

of production per yeait is given by the equatid®(t) = P,e’“"*, whereproduction in an
initial year(Po) grows by therater afterthe initial yearty. A simplemodel of exponential
increase and decrease is defined as follows:

— F%eﬁnc(t'to) fort¢ tpeakﬂ
u

P(t) =1
~ . dec(t'tpeak)
I Ppeake r

u- eq.15
fort> tpeakf,

" For example, if each of the fields in a region exhibit exponential depletion, will the aggregate production
curve for the region also exhibit exponential declibepending on the timing of thgojects, this is not
necessarily the case (deigure7). Also, if the actual function followed resembles a combination of
functional forms, such as the suggestion by Meng and Be20#)8)that production is bekbhaped on the
increasing side and exponentia the decreasing side, then they need not aggregate to an exponential
curve at all.
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Figure 2. Annual Production Scenarios with 2 Percent Growth Rates
and Different Resource Levels (Decline R/P=10)
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Figure 6. Projections from the Woodet al. EIA study (Wood, Long et al.2000) Note the rapid
rate of decline in production due to the assumption of decline under a constant R/P 19 years.

Where rinc and rqec are the bsolute values of the rates of exponential increagk an
decrease. A schematic of the exponemtiabiction model is shown iRigure5.

A notable expnential projection was made ayalystsfrom the US Energy Imirmation
Administration (Hakes 2000; Wood, Longet al. 2000) The projection utilizes
probabilistic USGS estimates of recoverable reserves waitlglobaly-aggregated
exponential depletiomodelto produce profiles ith very sharp peak3hey assuméhat
production growth continues at about 2% per year until the glelbahiningresources
to-productionratio (M/P) reaches 10 yearfg at which point produatin declines in order

18 This assumption derives from US experienttaenUS production peaked, therovedreservedo-
production ratio equaled about 10 yedst the USGS data used in the Bi#fodel includes reserves, yet
to-find oil, and reserve growth until 2030 atgiven probabilityi.e., remaining resourceshus, their
application of the R/P rulactuallyrepresenta M/P model.
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Figure 7. Two exponential production modelsin both cases, production for each region increases
at 2% per year and decreases at 10% per year, as in Woad al, and cumulative production in
both casesisft 6 0 0 LeBtbpbodluction follows the R/P decline rule in the aggregate (as in
Wood et al). Right: each of 10 regions individually follows the same R/P decline rule with
different sized resource endowments.

to keepM/P equal to 10 year$his resuls in a 10% decline in production per yeaome
results from this priection are shown ifigure6.

Also, Hallock et al. (2004) use a modified exponential methodology. Production
increases in each country to meet domestic demand plus an increment for new world
demand.The production rate increase for each nation is capped @ifferent rate
depending on the scenario (at 5%, 7.5%, or 189fice cumulative production reaches
50% of URR (or 60% in other scenarios), production declines exponeniialygrowth

rates around thpeak (between 45 to 55% depleti@amg modulatedot smooth the peak

A key problem with exponential models is the interaction between aggregation and
decline rategCavallo 2002) In theEIA model, production increases until thbal R/P

ratio reaches the target valdihis is very different than a model where each country or
region behaves according to the same R/P iltle. difference is illustrated iRigure7.

The left plot shows a globally aggregated exponential depletion nfeslé@l the work of
Wood et al), while the right plot shows the same total quartityil produced but with
productiondivided between 10 regions thatdependenthyfollow the same R/P ruldn
reality, the appropriate decline rate will vary by scale, and will generally be highest at the
field level, with slower decline observed in aggregated regions.

Empirical evidence for exponential behavior exidgEsponential ad exponentialike
production declinebave been observed at the fidgddel for decadegArps 1945) And

there is evidence that productiaeclines exponentiallyfor larger regions as welFor
example, Pickering2008)foundthatannual productioim a given region isftena linear
functiono f t h e prowvedraservey i that yearhis, in essence, represents a fixed
R/P production rate, or exponential declinde found that the slopes of the linear
relationship betweae reserves and production mnOPECH f reiongand As mal |
countriessuggested.6 and3% exponential declindrandt(2007)founda median value

of rge= 2.6% for 74 pospeak regions. On the other hand, Skrebo&B05)argues that
overall depletion from existing sources is likely @%.
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3.2.3 Linear models of oil depletion

Linear modelsof oil production are used firquently[e.g.,(Hirsch, Bezdelet al. 2005;
Brandt 2007, although theyepresenthe mossimpleformulationof a rising and falling
production curveA linear produdbn profile can belefined as

ePO + Snc(t - to) fort¢ tpeakf'I

P(t) =] i,
[ Ppeak - Sdec(t - t0) fort > tpeaky
where S and Syec are the absolute values of slopes on the increasing and decreasing
sides of the production curve. A special case is the symmetric case SereSyec
Despite its simplicity, the linear model provides a relatively good approximation to the
production profileof someoil producing regions: Bran@2007)found that it was the best
fitting model for 26 oubf 139 studied regions (sé&gure10).

eq.16

3.2.4 Multi -cycle and multi -function model s

In contrast tamodels where productionses and falk in a singlecycle, multi-cycle and
multi-function modelsattempt to recreatethe nonsmooth production profiles seen
empirically. Multi-cycle behaviowasnotedby Hubbert(1956) who argued thatllinois
wasa multi-cycleregion

The first period of discovery, beginning about 1905, was based on surface geology with
meager outcrop data. Consequently in aboutyeas most of the discoveries amenable

to this method had been discoverdtiwas well known geologically, however, that the
whole lllinois basin was potentially oil bearing, which was later verified when a new
cycle of exploration using the senograptwas initiated in 1937.

Multi-cyclemodelshave beemlevelopedy Laherrere and Patzékaherrere 1999; 2000;

2003; Patzek 2008)These modeldit the sum ofa number of independent logistic

production cycles to theverall production dataas shown inFigure 8. Ideally, each

additional cycle represents the production of a wedfined resource that can be
differentiated from the main body of productidraherrere argues thdita | mo s t every
country can be modeled by at most four cycles in which discovery peaks are correlated

with corresponding production peaks after a time g gi vi n g (Lahbérrere b e st f
1999) He shows two examples of this, but has not illustrated its generality.

Mohr and Evang2007; 2008)built a mult-function model that usea bell curvebut
models disruptions by postponing the bell gar & the point of a disruption. The
disrupted periods modeledwith one or more simple polynomialafter which the bell
curve resumesshifted to account fothe additional cumulatie production that occurred
during theperiod of disrupted production:

ER (1) for t<t,
o0 PR for ty Ct<ty
%fi (t) for t, , ¢t<t, (fordisruptiorsi =22 n)

[Ra(t+(t,, - to) for t2t,,

U - eq.17

\<r) -_ c ——) [t
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Figure8. Multi-cycl e producti on model with cumul ati
of oil. Three cycles have 350, 150 and 100 Gbbl ultimate production each. These might represen
for example, production from primary, secondary, and tertiary (EOR) techologies.

Here Pyei is production from a bebhaped curve modelThe fi are a series oh
polynomials anchoredn each sidat n+1 disruption points, which occur at timég to
tan. After the period of disruptedrpduction,the underlying beHshaped model is shifted
to the point where the disruptions eii&lseo and Dalla Vall€005; 2007)lso include
exogenous shocks a model of technological diffusion that they appydil depletion
modeling.

One problem with these methods the arbitrary additionof productioncycles. The

guality of modelfit to data can bémproved by adding more cyclebut the better fit of
the morecomplex model is often not justified by the #ghal model complexityFor

example,In Mohr and Evans (2008) the bell curve is interrupted by two-dirder

polynomials, one second order polynomial, and one third order polynohhigl.adds
between 11 and 16 frggrameterso the model, dependingndf the breakpoints,; are

also chosen by algorithmmesulting in danger of spurious overfittinQne approach to
addresghis concernis with informationtheoretic approacheas discussed in Sectigh
(Burnham and Anderson 2002; Métkly and Christopoulos 2004)

The secondoroblem is that additional cycles are inherently unpredictable. gkt

represennew discovery cycle enabled by advances éxplorationtechrology, such as

the case with lllinois and the introduction of teeismographor by new production
technologiessuch as thermal EO&pplied to heavy oil deposjter bythe discovery of a

new type ofdeposit that was previously unknovauch asvery deep offshor@il. Lynch

(2003) arguest h a't this technique MnAndestroys the ex|
because fAnot knowing whether any given peal
usel ess. 0 ithdutatpriorjustfieatios for,addivonal cyclesuch amodeling

approachcan quickly degradento what Burnham and Andersof2002) c a | | Afdat a
dredgingd These concerns, and the broader principle of parsinare discusseth

Section7.
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Figure 9. Two asymmetric beltshaped models. Left; Production profile of the skew normal
production profile (SNPP) model of Hammond and Mackay(1993) All curves have total

cumul ative production over all years of a 6
high cases areA = (1, 8, 52);n = (2.35, 2, 1.8); andJ= (0.2, 0.3, 0.5), respectively. Right:
Asymmetric growth model of Kaufmann and Shiers (2008)Cu mul ati ve produc
Gbbl in all cases.Growth and decay rates (.., r4ed are (0.51, 0.165), (0.545, 0.545) and (0.575, 2)
for low, medium and high cases, respectively.

3.2.5 Asymmetric smooth curv  e-fitting models

A variety of asymmetricsmooth curvefitting based models of prodtion have been
developed but not widely useNot long after the work of Hubbert, Moo(&962; 1966)
used the Gompertz curve to fit cumulative production@isdovery data

Q) =Q, a® eq.18
where a and b are fitting constants g is defined as the ratio of the initial value of
cumulative productior®,, to the value of ultimate productidy, whichallows Q = Qo
whent = 0). The Gompertz curve i@symmetric the declineis slower than the increase

Wiorkowski (1981)argued that the Gompertz curve used by Moore resulted in a poor fit
to historical data.

Figure 9 (left) showsthe sk& normal poduction profile, or SNPPdeveloped by
Hammond and Macka§l993)for use in projecting UK oil production:
P(t) = At"e *, eq.19
whereA is a scaling coefficient is a shape factotargern results in lowpeak delayed
intme), andUi s t he #Apeak p oWvalueishifts pdalaforivand). dhis( | ar g et
model was used to project UK oil and gas production, although it resulted in overly
pessimistic projectionsf the peak in UK oil productionThe same functionvas also
used by Fengt al. (2008)to forecast Chinese oil production, although they refer to it as
the Generalized Wengquation.

More recently, Kaufmann and Shig008)built an asymmetric bebhaped modehat
continues directly from historical production data ($&gure 9, right). It is solved
iteratively as a set of 3 equations. The growth equations can be simplified as follows:
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& 3§ & r 00 a
TP, &+r, -t 0 forte¢t 1
P& T e t10 "
P() =i ; . . U- eq.20
T_ 4 ar._ @ 7
P, B+, -t&—dc Q0 fort>t 4
Jf t-léa dec é@peak"'l% peak}lf/

These equations are constrairgdthe requirenent that cumulative production is always
less thanURR. The resulting production curvéFigure 9, right) is used to generate
projections of the required rate of developmenswdfstitutes for conventional petrofeu
(SCPs).

Berg and Kortg2008) built threemodels éach a systerof differential equations) that
expand up o logisttuifebeatialteguation They add aspects @mulation
models as describedn Section4. Their first model @ds demand to the Hubbert madel
Anothermodel adds a third differential equatigaverningthe dynamics of additions to
reservesTheir differential equationgovernng reservegorcesdiscoveriesto declineas
cumulative reserves additions increasbut doesnot account for technological change
that also occurs as reserves are depleted.

3.3 Difficulties with curve -fitting models

Curvefitting models aresimple modelshatreducemanycomplexphenomengato a small
number of equationg his results in difficulties that are widetiiscussedn the literature
(e.g. Lynch 2003)include arelianceon estimates oURR, assunptions of symmetry,
andassumptiorof bell-shaped production profiles.

3.3.1 Is URR areliable constraint?

Estimates of URRare a key input tocurvefitting modek. Caithamer(2007) notes that
uncorstraned fitting of the logistic modeio pre1970 global production data predicts
2.57 x 16° bbl URR, about 3 aders of magnitude greater thBi$GS resourcestimates.

This is becauséhereis not enough information in piygeak production date generag

stable values of model parametavithout the aid of constrainf (This situation
improves the further into the production cycle a region becomes, as the possibilities for
divergent futures become increasingly narrow.)

However, using URR to constraiourvefitting modelsis problematicFirst, estimaés of
URR havebeentoo lowin the pastThis type of error has plaguedrvefitting modes,
especially with regard to projections of world productiognch 1999; Lynch 2003}

19 dD/dT” (1- D)whereD is cumulative reservesstiovered, normalized to reach a maximum value of 1.

 This is because 1970 was at least 35 years before the peak in production, meaning that there was still
significant uncertainty with respect to any signal provided by the data. &gomens of this tye should

not be taken too faunconstrained models 8for 6 parametensill not be used in practice because dee

have additional informatiorotbring to bear on the problem (e.g., we know to igmeselts suggesting

URR of 16° bbl).

% For example, Lych(2003)notes that Campbell increased his value of global URR from 1,575 Gbbl in
1989 to 1,950 Gbbl in 2002.
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Estimates of URR carbe too low br two reasonsthey can underestimge new
discoveriesand they carunderestimateeserve growthBoth of these problems have
traditionally been observed.

Another more fundamentabroblemis thatwhile URR isused as dixed constraint in

curvefitting models,there are serious problems with viewibkdRR as a static value.

Adelman and Lyncl§{1997)arguethatiit he mi stake i s not mere und
l't i s the concept of URR as a f iTheeedsom mount ,
is that URR is fundamentally a hybrid econospltysical conceptlf oil resources

suddenly becamkess valuable, then the same physical endowment of resource deposits

would result in a lower value of URROr alternatively, if consumers are willing to

sacrifice more (i.e., pay more) for a unit of petroleum, then URR will grow with no

changes in physitgroperties of the resourc&he differencesetween physical and

econanic views of resources adiscussed in greater detail in Sectibn

The seriousness of the URR problena point ofdisagreemeramong esearcherssome
argue that increases in estimatesgtdbal URR have leveledoff, and that we i@
asymptotically reaching thieue value ofURR, especially if consistent 2Bserves data
are usedBentley, Mannaret al. 2007)?* Othe's disagreesuggesting that URR values
will likely continue to grow(McCabe 1998)and thathydrocarbos will be produced
from resources that are currently not included in estimates of JRR

3.3.2 Are bell -shaped models bett er than other model
types ?

Hubber t 6 s -shapesl prodiiction prafike, ltolgether with its reasonable fit to many
regions (most notably the US), has created a desire to justify the use of such curves with
rigorous scientific reasoning.While Hubbert(1980) noted the roots of the logistic
equation in 19 century population biology, he never gave a detailed explanation for his

choice of this model.

Receently, Rehrl and Freidric2006) described a simple thought experiment that
generates logistic behavior from the interaction of information and depletion on oil
discovery ratesFirst, theyassume that geologic and technical informatioms directly
proportional to cumulative discoverids;**

|~ D, eq.21
Next, they assume that the rate of discovery is also directly proportional to the amount of
information that we ha;, and by the equation above, therefore proportional to
discoveries:

22 2pP reserves are said to represent more realistictabie seserve estimates than the proved reserves
commonly reported in the United States and other countriés.conservatism is argued to be the reason
behind the significant reserve growth observed in the US.

% Given that current estimates of URR negame 6670% of known oil in place (oil that will be left
behind by current extraction technologies), Lyt@99)argues that stable URR estimates make the

Aunrealistic assumption that technological progress v
#Theynotetha t his model is simple, as there is fino justif
be Ilinear to the first power, 0 and proceed given that
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ab. | eq.22
at , qg.
andso
ab. D eq.23
dt
This is the differential form of exponentialgrowthh ey cal |l thi s the #Ainf

whereby an increasin cumulative discoveries further increases our ability to find more
oil.

Next, they describe the opposiigd e pl et i on ef fect, 0 whereby di
discovery by reducing the amount of oil left to be found. They argue that a reasonable
form of this relationship is

dD.
E (Qn - D) eq.24

which suggests that discoveries drop to zerD approachefp. We can combine these
two statements of proportionality with an arbitrary constant

=aDQ. - D)=aQD- ar’ eq.25
Note thateq. 25 is the differential form of the logistic curve (this time in discoveries
instead of production). Thus, they argue that simple relationships can generatei@ logist
discoveryfunction. But, it does not necessarily follow thptoductionwould follow a
logistic path as wellln free market conditions under ample demand, it is resdse to
assume that oil discovered will be promptly brought into produétioesulting in a
consistent lag between discovery and productionreality, economic and political
constraintan altetinvestment and production.

Other authors use the ceaaldttimit theorem (CLT) to justif belFshaped modelsin 1952

Ayres foreshadowed this argumeiitF or some single oil fields t
sharp, but for the sum of effects of many oil fields in many countries the peak can be
expected to belbu n?t There isunfortunately littlebasis forapplyingthe CLT tooil
production curvesn general(McCabe 1998; Babusiaux, Barreati al. 2004; Brandt
2007) The CLT acts to generate a Gaussian distributwamen distributions that are
independenbf one another aresummedor averaged Dice provide a good example.
Rolling one fair die will result in equal probabilityf obtaining the values 1 to® a
uniform distribution.Rolling 5 dice and summing the resultdlwive a range from 5 to

30, ut the distribution will not be uniform.Aevalue 5 will rarely be obtainedavhile the

value 15 will be obtained much more commonly ¢@hese many combinations of tHhee

result in a sum of 15)f the dice were rbled and smmed many times, a plot of the
distributionof resultswould appear Gaussian.

% Since so much of the cost, and risk, in oil and gas densapis in the exploration stages, producers

have little incentive to hold back production once the riskiest portion of the process has resulted in a

successful discovery.

% Ayres(1952)cited the insights of statistical physics as a justificatio# bf modern physics is founded

upon the conception of predictability of the sum of large numbers of unpredictable events. The larger the

number of events, the greater the probability of prec
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The crucial difference is that while fieldvel production curvesre summedo produce
an aggregate cury¢ghey arenotindependent. Production from an oil field is deterrdine
at least in part by the decisions of the producers. Andugeydacross regions, nations,
and even at a global level, face cooimstimuli. At a regional levethese include
transport costs, availability of refining capacity for a given type of cruderegulatory
pressures (such as state or provincial environmental mandates). Aimahdevel,
politics canalter productiondecisions particularly in nations with centraontrol over
production,but even in nations with independent @mpaniesAnd, globally, both long
and shorterm trends (such as thmodernspread of automobilityo Asian nationor
demand reductions caused by the A9 il crise} influence producers simultaneously
across the globe.

Given that there isome degree of indepemi® between producers, some smoothing
clearly occurs with aggregatiofhis amount of smoothing varies by regidut, the
shape of the global historical production curve is so-@anssiarthat it isvery unlikely

to have arisen from the summation of tefishousands of truly independent production
profiles.

Other argumentfor bell-shaped curvesxist?’ Bentleyet al. (2000) note that a sum of
triangular fieldlevel pofiles generates a bedhaped curve if the largest fields are found
first. Thesdadeas are discussed in Sectlwand shown irFigure 20. Also, Cleveland and
Kaufmann(1991)suggest that the beshaped production profile is the result of physical
changes in the resource base causing the-nemgost of production tincrease. This
increase in cost induces the peak and decline in produdtimse ideas are discussed in
Section6.

Thankfully, the historical record providegs withsomeevidenceregarding the usefulness
of bell-shaped curveswhile many production curves are walpproximated by bell
shaped profiles, ggood number ofproduction profiles deviatédrom bellcurvelike
shapes: somare significantly more pointed than the balirve (Hirsch 2005; Brandt
2007) while others haveamultiple peaks separated by significant amounts of time
(Hubbert 1956; Laherrere 2003; Rekt2008)

Brandt(2007)compared the fit of six simple (3 and 4 par&mecurvefitting models to

139 oil production curves at a variety of scales (US states and regions, countries and
multi-country regions)Geological definitions for regions (e.g., basins or plays) were not
used because of lack of datde compared symmaeatrand asymmeic versions of a
Gaussian belshaped model, a linear model and an exponential model. This comparison

27 Also, Guseo and Dalla Vall@005; 2007ar gue a model of technological di f
adopterso and Aword of mo u-shapged pofileOp theeother hand, Weiere b asi s f
and Abramg2007)give a physical explanation for logistic production curvidy build a simple physical

model of oil depletion as dradown of fluid from a sealed container containing gas and fluid under

pressureThis conceptally appealing approach does not account for other factors affecting the rate of oil

production from a deposit over time (water influx, mpltiase flow effects, etc.)
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used Akai keds | nf or md foinwre infGrmatibnoraccount fof s e e
the diferent functional forms and numbers of parameters across the models.

Most generally, he found that these simple models worked reasonablgsaelgroup

out of 139 production curves analyzed, only 16 were found to be significantly non
conforming toany of thesesimple models.But he found less strong evidence to choose
one functional form over another. If only symmetric models were allowed, then the
Gaussian model was found to be the most successful, fitting best in 59 regions, while
only 26 regions we best fit by each of the exponential and linear models. If symmetry
was not required, the asymmetric exponential model was found to be best fitting in 25
regions, compared to 14 regions for the asymmetric Gaussian model, which was the next
most successfuTo illustrate howexcellentthe fit to these disparate models can be,
Figure 10 shows six regional production curves that were each fit best by one of the six
tested models.
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Figure 10. Six model types applied to regions where they were found to be the best fitting model.
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3.3.3 Are production profiles really s ymmetric  ?

Lastly, we can ask whethgroduction profiles are best represented with symmetric
models.The motivation forsymmetricproductionmodelsis typically that they are more
parsimonious than asymmetric modddsthis simplificationsupported by aviable dat&

The hisbrical record again provides insight heRFC Energy studied8 postpeak
countries,finding an average level of depletion ®% at the start of decline, with the
majority of regions peaking at between 40 and 60%stimated URRPFC 2004)These
percentagesire likely to decline, because they weadculated relative to estimates of
URR, whichare mordikely to increasehanto decreasé®

Other indications from historicaproduction data suggest that production tends to be
asymmetric, withthe declineslower than the increas®&randt (2007) found thatthe
productionweighted mean rate of exponential decline was approximately 4% less than

the productiorwe i ght ed mean rate of i foc74postpesk (& 2%
regions,anging in size from UStates to sueontinentsin nearly all cases (67 out of 74

regions) the rate differenceq(i rqe) Was found to be positive.

This observation alignsvith the intuition thatimprovements in technology will make the

production decline less steep thidue increaseThis was noted as far back as Hubbert

(1956) who argued that fAa more probable effect
the rate of decl i neRemsHaw(¥81) alsdgiwes a théomatical at i o n é ¢
reason fo this. If a singlecumulative production sigmoit instead replaced with, say,

the sum of 5 sigmoid&hich represent resources of differing difficulty of extraction, the

net effect on theummedcurve is commonlyo slow the rateof decline That is,harder

to-extract resources are accessed more slowly aamanore to lessenthe dedhe in

production rather than to postpaihe pealé®

Thesedata suggest that production profiles tend to be slightly asymmetrict,sloiver
rates of decline than rates of increadéether this complexity should be included in a
model of oil depletion depends on the purpose for which a model is being devetdped a
the level of detail that is requirebly such a purposerhis broader isue of model
complexity is analyzed in Sectiah

% Thus, a region that was originally thought to have peaked at 54% depletion of URRnsiigad later be
recalculated to have actually peaked at 49% of URR, if URR grows between the first and second estimate.
#|nterestingly, Renshaw draws this result from the psychological work of Thurstone in the 1930s on the
learning function as appligd learning tasks of varying difficulty.
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4 Systems simulation: resources, discovery

rates, and technologi es
Simulationmodelsdiffer in modeling philosophy froncurve-fiting models. hstead of
fitting a simple predefined function to historical data in order pooject future
production, simulation models explicithepresenphysical and/or economic mechanisms
that govern oil discovery and extractioihey then let broadebehaviorof the oil
producton system(such as the shape of the production profile) emerge from this
underlyingstructure

The simulatiorapproach remedieskey poblem of curvefitting modelsnoted by Taylor
(1998) didduseandeffect relationship exists between time and the exploitation of
crude o | Simulation modelers wouldrgue instead that a comgdex causal chain
connects time and ogxtraction Popuhtion growth and economic expansioaused
increased demand for oirhis has inducedhe oil industry to searcfor and produce oil.
Exploration affects our prospects fofinding oil in the future bysimultaneously
increasing our knowledge difie subsurfaceand by removing another oil field from the
stock of yetto-find deposits.And dl the while, scientific advances in technologies
ranging fromseismography tsteelalloys have altered the oihdugry immeasurably
over the last century.

Simulation modelsattemptto capture some of this causstucture but they exhibita

wide range of complexitySome ar e qui t e swithnapféwegudidan®y mod el
governingdiscovery probabilities and demandgth. Othess are built fromdozens of

equations and submodules, and are threfore difficult to describe in succinct

mathematical form

4.1 Simple simulations of exploration and extraction

The simplest simulations of the oil finding process are scarcely rmomplex than
curvefitting models.For example, Bardi2005)built a simple model based on the work

of Reynolds(1999) Reynolds characterized the resource finding and extraction process
as the activity of agents searchifuy resources over a numbef model years® Bardi
builds on this model, defining the probability ofding wit of resource in a given model
yeart aspr(t):

pr(t) :%[Qn - QW) eq. 26

wherek()i s an i a b¥iln each gyclef ofitlretmodel, thie agents consume some of
their resources to survive and to fuel the search gsmocBardi's model includes
population growth, whereby agents with a surplus of resources can reproduce

%1n the Reynolds model the agents are shipwrecked islanders, and the resource is defined as tins of
provisions washed ashore and buried in the sand.

*1In the simplest version of the modk(f) is set to a constarit can also vary with time, i.e., to increase
over time due to technological learnirfithis would therefore increase the probability of finding a unit of
resource in opposition to the effect of cumulative extraction.

UK Energy Research Centre UKERC/WP/TPA/2009/021



26

(representing economic growth). Agents are removed from the simulation as
undiscoveredesourcs aredepleted and their stock of resource drops to Zero.

One ver si omode¥alsoBiacludks & simple representationesploration
technology, multiplying the terraxp[-P(t)/L(t)] by the finding probabilitypr(t). As P(t)
increases, this term decreases, representing the exhaustion of known preghictn
exploration cycle.Over the longerm, the functionL(t) increases, representing the

progress of technology and reducing the negative impact of this effect on the finding

rate>

In Bardi's simplest case, the model produces a roughly symmetretbshaped
production profile [the decline isomewhatsteeper than the incline, similar to the
findings of Reynolds(1999). His more complex casegroduce exponentidike
productionprofiles, with steeper rates of decline than rates of increase.

4.2 Complex simulations of finding and extraction

Davis (1958) produced the earliest complexsimulation of the oil finding and
development process He linked a series of correlationto project futue reserves
additiors based on exploratoryfeft, and assumethat production in each year is limited
to a set fraction of reserveldis modeliterated through a number of steapseach year
By assuming thigoroduction is limited to &action of existing reserveBavisessentially
adoped a depldion formulationsimilar to that of Woodkt al described above (the fixed
R/P exponential method) But, instead of thisfunction being constrainedby an
exogenoudixed estimateof URR, it is fully incorporated into m economicmodel of

discovery and pragttion As reserves continue to be discovered along the constrained

production path, the sharp peaks of the Webdl. model do not occuDavi sd& model

predicteda peak and decline in U$l production between 1964973

4.2.1 Syst em dynamics and oil depletion . A series of
models

The simulation approach of Dav{4958) was echoed in later modethat used the

methods ofsystem dynamid® model the extraction and depletion of resour&gstem

dynamics models focus on tiraportance otime, rates of change, asgistem feedbacks

as they model the interactiasf the many parts of the oil extraction proceg#ile a

%2 Bardi notes that a drawback of tli®del is that the units of resource are all the same size, clearly a
simplification given the variation in crude oil deposit size.

#¥This is Bardidés model 3, which incor porlagnets ex

clearfromthear t i cl e i f this fact or k(),®rifthis acts ththe placeoohthet o
ability factor.

% In the Reynolds model,(t) is the Hubbert logistic function, in effect handring the dynamics of the
Hubbert curve into the findmprobability.In the Bardi model, a simpler linear increase in technology as a
function of time is used.

% This was early in the computing age. The obvious novelty of computer modeling is illustrated by the
inclusion of an appendix which shows photograpkiproductions of punch cards used and gives a
complete flow chart of equations.t al so notes that fAthe running
6,500 output cards for one run is about 4 1/ 2
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gas exploration and production.Loop 1 represents the finding loop, while Loop 2 representé

extraction loop.

numberof thesemodels were developed over

the course of the 1970s88@k 1only a

few representativesill be discussegwww.hubbertpeak.com 2008)

Naill developed a earlysystem dynamics modef natual gas discovery and production
(Naill 1973) The model s based around two main state variablegroven reservesnd
proven reseves (seeFigure 11, top). As oil is discovered,t is moved from unproven

reserves (a fixed quantity defined at the model outset) to proven reserves. As resources

are consumed, they are removed from proven resere unproven reserves decrease,
the cost of exploration increasegducingthe return on investent andthereforethe
incentive for explorationOn the other hand,saprovenreserves increase, the R/P ratio
increasesreducingthe oil price and reducig investment in explorationA reduction in
price reduces revenue to producing congsnwhich serves to damperploration.This

feedbackservesto stabilizethe model.

Figure 11 shows all major causal relatidnps in the modelAn arrow connecting

guantites represesttheir interaction  wi t

h the sign attached

of influence a positive sign indicatedbatan increase in one factor leads to an increase in
the other, while a negativegsi indicateghe oppositeLoops with an overall positive sign

represent positive feedbacks, while those with a negative sign represent negative

feedbacks.

Each causal interactigf@arrow in the diagramis quantifiedwith a graphical correlation,
mathematal function,or small groupof functions.For example,he correlation between
unproven reserves and the cost of exploration is showhigare 12. The resulting

% These models had their roots in the MIT 8ystDynamics Group, which produced the World3 model for
the Club of Rome, the basis of the bddie Limits to Growtland its successo(Meadows, Randers et al.

2004) These models included the Naill natural gas model as described below, its extension to the larger
energy system called COAL1, later modifications COAL2, and FOSSIL1. FOSSIL2 was later developed by
Naill and others at the US Dagiment of Energy (DOEJOSSIL2 has been improved and renamed

IDEAS and is still maintained for the DQww.hubbertpeak.com 2008)
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Figure 12. Relationship between fraction of resources remaining to be discovered (FURR) and th
cost of exploration (COE) in Nailldds model ,
reserves and extradbn cost shown in uppetleft corner of Figure 11.

Figure 13. Natur al gas production (|l abeled Ausag
and discovery rate fr om MNamtiohdndextractiondNaill 1963]. n a

production profil e f ownminFiguea13]Noté that fradgctoh i n e [

ru
(Ausage rateodo) dr ops sultirgnimpdh steepes deglinefrate® m t h e
than have been observed empiricalyso, note that the rate of production drops enor
quickly than the level of reserves. Tliguses spike in the R/P ratio after the production
peak(not plottedin this figure, whichhas not been empirically obs
knowledge®’

Later extensions to theystem dynamicsnodels of resarce depletion were made by
Sterman and otheXSterman 1983; Sterman and Richardson 1985; Sterman, Richardson
et al. 1988; Davidsen, Stermaat al. 1990) These modebk included investment in
technologyimports and synthetic fuelsThe complexityof thesemodekis evident inthe
exploration portion of théavidsenret al. model, shown irFigure14. This more complex
causal loops functionally analogous 0 L o0 o p slmodeliNotdNfratuhdiscdvered

37In the case of the United States, RI® ratio has undergone a relatively smooth decline from about 18
years to about 10 years from 1918 to 1994, with no increase after peak production (MdG@be 198).
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