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Inverse and Forward Modelling of Stratigraphy

Abstract

This thesis presents the development and applicafi@a numerical inverse and forward model
of stratigraphy applied to shallow-marine wave-dasied sedimentary systems. The approach
links a “process-based” forward model of stratignagdi.e. BARSIM, developed by J.E.A.
Storms, University of Delft) to a fully non-lineatochastic inverse scheme. The inverse
problem has been formulated using a Bayesian frarleim order to sample the full range of
uncertainty and explicitly build in prior knowledg&he methodology combines Reversible
Jump Markov chain Monte Carlo and Simulated Tenmgealgorithms which are able to deal
with variable dimensional inverse problems and Rmtidal posterior probability
distributions, respectively. The numerical schereguires the construction of a likelihood
function to quantify the agreement between simdlated observed data (e.g. sediment ages

and thicknesses, grain-size distributions).

Prior to real case study applications, the methasl lieen successfully validated on different
scenarios built from synthetic data, in which thepact of data distribution, quantity and

quality on the uncertainty of the inferred enviremtal parameters were investigated. The
numerical scheme has then been applied to two staskes: the outcrop-constrained Lower
Cretaceous “Standardville” parasequence of the ddmr Member of the Blackhawk

Formation (Boock Cliffs, Utah, U.S.A.) and the Earssub-surface data of South Algeria. The
inverse modelling scheme successfully reproduceatigtaphic architecture in both cases,
within the constraints of the input data qualityheTinferences of the relative sea level,
sediment supply and wave regime histories conteitbaithe understanding of mechanisms that
produced the observed stratigraphy. Of equal ingpeH, the inverse results allowed complete
characterisation of uncertainties in these forcipgrameters and in the stratigraphic
architecture developed in between data constraiftese results suggest that the inverse
model may ultimately provide a process-based gemdbgcomplement to standard

geostatistical tools for the static characterizatd hydrocarbon reservoirs.
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Chapter 1

1 Introduction

1.1 Motivations and Aims

Many analyses of the stratigraphic record aim terirenvironmental parameters (such as
sediment flux and relative sea level variations)/anpredict facies architecture from sparse
observed data. In this context, stratigraphers havdeal with the incompletely preserved
record of complex, coupled processes respondingat@mus internal and external forcing
parameters through geological time. Simplified @ptoal models such as sequence
stratigraphy (Vailet al, 1977, 1991) and genetic stratigraphy (Gallowa389) are widely
used to assess the impact of environmental faciorhe stratigraphic record and to predict
facies distributions. However, these models assarmpsgori that only certain parameters (e.g.
accommodation space or eustasy) are the criticérig controlling stratigraphic architecture.
This approach has aroused controversy, as a mstiie simplifications needed to produce a
tractable formulation and of the conflicting resulbbtained for the different underlying
assumptions (Miall, 1986, 1991, 1992; Miall & MiaBl001). It is clear that other factors have a
strong impact on stratigraphy (e.g. initial physaghy of the basin: Thorne, 1991; Thorne &
Swift, 1991; Posamentier & Allen, 1993; Gawthorpt al, 1994; Ulicny et al, 2002;
Rasmussen & Dybkjaer, 2005; sediment supply: Seh)alP93; Leedeet al., 1998; Carollet

al., 2006, and transport efficiency: Burgedsal.,2006) and that many sequence-stratigraphic
models do not capture the complexity of real-wqrtdcesses, parameters and interactions,
leading to an underestimation of the different gmescombinations of parameters that can

account for the same observed stratigraphy (Burgfesis,2006; Mutoet al.,2007).
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Furthermore, robust prediction of facies architeztis also a key issue in improving recovery
from petroleum reservoirs. Prediction of, and utaiaty in, reservoir facies architecture is
typically approached by using geostatistical tq@sutsch, 2002). However, such techniques
do not explicitly incorporate geological processesl thus, are limited in capturing the
complexity of sediment distribution and in predigti stratigraphy (although, if used
judiciously, they can be successfully used to repmes aspects of this record; e.g. Jackgon
al., 2005; Labourdette, 2007).

One approach to address many of the issues medtaeve is through the use of numerical
stratigraphic models. Such forward models of siraphy attempt to predict stratigraphic
architecture as a function of input environmentatgoeters, using calibrated empirical or
“process-based” equations to simulate time-depénsedimentary processes (Ebeti al,
1994; Niedorodat al, 1995; Niedoroda & Kravits, 1996; Rivanaes, 196297; Bowman &
Vail, 1999; Syvitskiet al, 1994, 1999; Caregt al, 1999; Watneet al, 1999; Paola, 2000;
Burgess, 2001). In general, such techniques re@uiarge set of input parameters which have
to be adjusted to match simulated and observetigsaiphy. However, due to the non-linearity
of the interactions between the parameters, thanual adjustment using a trial-and-error

approach becomes a non-trivial task.

This modelling process is really an inverse probienthe sense that inverse methods (e.g.
Mosegaard & Sambridge, 2002; Mosegaard & Taranid®85; Tarantola, 2005) describe how
information (e.g. environmental input parameterSlagparameterized physical system (e.g.
forward model of stratigraphy) can be derived frobserved data (e.g. wells, seismic data).
Lessenger & Cross (1996), Cross & Lessenger (1E@hholdtet al. (1999) and Wijnet al
(2004) conducted the first tests of inverse methayjslied to numerical forward models of
stratigraphy using both real and synthetic dataddtsvever to date, the vast majority of
stratigraphic forward and inverse applications hiasen restricted to the optimisation problem,
that is finding a single “best” model, so that thgsrocedures do not adequately assess
uncertainty (the appraisal aspect of the inversbélpm) and do not properly address the issues

of eventual non-uniqueness of the inverse problem.
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In this thesis, | will address these issues by lbgvmeg a numerical scheme applied to
wave/storm-dominated shallow-marine sedimentaryteays. The method combines a
“process-response” forward model of stratigraphyARSIM; Storms, 2002; 2003) and
stochastic non-linear inverse techniques. Througtios thesis, | will highlight the importance
of assessing uncertainty in the inference of mpdeameters and in all model predictions. |
will employ a combination of Bayesian statisticad avarkov chain Monte Carlo (MCMC)

techniques to achieve these aims.

1.2 Thesis Organisation

I will begin the discussion in Chapter 2 with a cise review of the different approaches for
forward modelling of stratigraphy. This is followég a description of the main characteristics
of shallow-marine wave/storm-dominated sedimenggmyironments that | shall consider when
modelling them. The last part of the chapter isichdd to the presentation of the numerical
forward model of stratigraphy (BARSIM, Storms, 20@P03) that | will use throughout the

thesis.

In the first part of Chapter 3, | will define thergeral stratigraphic inverse problem and provide
an overview of the previous work published in titerature. In the second part of this chapter,
I will fully describe the stratigraphic forward andverse modelling approach that | have
developed for this thesis. This part is structuwsedhat, after having provided an introduction
to MCMC methodologies and Bayesian statistics,igefit to allow an understanding of the
presented work but leaving detailed proof and cempktensions to the specified references, |
will describe the Hybrid Sampler (Denilson et &@002), in which adaptations of the
Reversible Jump MCMC (Green, 1995) and Simulateshpleging (Marinani & Parisi, 1992;
Geyer & Thompson, 1995) algorithms are combinesbtee the stratigraphic inverse problem.

Validation tests will be presented in Chapter 4e3éh applications will aim to infer the

sediment supply and relative sea level curves fr@mous numbers of synthetic vertical
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successions of grain size (e.g. wells) and symthetiickness curves (e.g. seismic derived

isopachs) extracted at different location from ravérd simulation.

In Chapters 5 and 6, | will present the first apgiion of the numerical scheme to geological
field data collected in June 2006. Chapter 5 wiltwiment a high-resolution stratigraphic and
palaeogeographic interpretation of the Aberdeen Mamof the Blackhawk Formation, Book

Cliffs, Utah, U.S.A., based on these field dataag@br 6 will focus on the stratigraphic inverse
and forward modelling process in which various emwinental parameters (relative sea-level,
sediment supply, wave height, mud fallout ratevadl as facies architecture along a cross-
section oriented along depositional dip will beeiméd from eight vertical sections logged from

part of the Aberdeen Member.

In Chapter 7, | will present the second applicabdithe numerical scheme to the sub-surface
Emsian deposits of South Algeria. In the first prthis chapter, | will give an overview of the
geological setting provided by the company Total describe stratigraphic correlation issues
relevant to the Emsian deposits. The second pa€haipter 7 will present the numerical
application in which relative sea level, sedimamy, wave-height regime and fallout mud
rate parameters were inferred from a dataset o mialls constraining three parallel, dip-

oriented cross-sections of about 75 km in length.

In chapter 8, | will offer a final conclusion ant/g some recommendations for future work.

1.3 Published Work

Much of the work contained in this thesis has bsaomitted for publication in various peer
reviewed journals. Co-authors on these papers paweided supervisorial input as well as
editorial and technical discussion. Descriptionhaf inverse and forward algorithm (Chapter 3)
is found in Charvin et al., 2008a. Additional backgnd information relating to the application
of MCMC methods for Earth Science problems can dend in Gallagheret al, 2008.

Validation tests of the numerical scheme (Chapjearé presented in Charvet al. 2008b.
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Stratigraphic description of the Aberdeen Membédngi@er 5) has been submitted as Charvin
et al, 2008c. Additionally, the work on the applicatiof the stratigraphic inversion of the
“Standardville” parasequence of the Aberdeen Men(Baaptr 6) is found in Charviet al,
2008d.

Charvin, K., Gallagher, K.L., Hampson, G.J., anthdardette R., 2008a. A Bayesian approach

to inverse modelling of stratigraphy, part 1: Meth@ubmitted foBasin Research

Charvin K., Hampson, G.J., Gallagher, K.L., andduaiolette, R., 2008b. A Bayesian approach
to inverse modelling of stratigraphy, part 2: Validn and sensitivity tests. Submitted for

Basin Research

Charvin K., Hampson, G.J., Gallagher, K.L. and dualette, R., 2008c. High resolution
stratigraphic architecture within an asymmetricalverdominated deltaic parasequence.

Submitted forSedimentology

Charvin K., Hampson, G.J., Gallagher, K.L. and Labette, R., 2008d. Mechanism driving
intra-parasequence shallow-marine wave-dominatatiggiaphy: Insights from inverse and

forward modelling of stratigraphy. In prep.

Gallagher, K.L., Charvin, K., Nielsen, S., Sambedd!. and Stephenson, J., 2008. Markov
chain Monte Carlo (MCMC) sampling methods to deteemoptimal models, model
resolution and model choice for Earth Science mmoisl Submitted foiMarine and

Petroleum Geology
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Chapter 2

2 Forward Modelling of Wave/Storm-

Dominated Environments

Abstract

In this chapter, | will firstly give an overview dhe different types of numerical forward
models of stratigraphy that have been publishethénliterature, with an emphasis on their
implementation concepts and computational costs.SBtond part of the chapter will focus on
modelling of shallow-marine wave/storm-dominatediisentary processes over geological
timescale. For that purpose, | will firstly deserithe specific features of these sedimentary
environments that | need to consider when simugatiiem. | will secondly describe BARSIM,
the “process-response” forward model of stratigyapthich will be used throughout this
thesis. | will justify its application to the wastdrm-dominated sedimentary systems

previously mentioned.
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2.1 Introduction: A Review of Numerical Stratigraphic Forward Modelling

Approaches.

Forward numerical models of stratigraphy attemppiedict stratigraphic architecture as a
function of environmental parameters (e.g. relatsea level, sediment supply, tectonic
subsidence, climate), using calibrated empiricaparcess-based equations to simulate time-
dependant sedimentary processes. Numerical formartels are currently used for a variety of
goals from hypothesis testing of environmental pet@rs at basin scale, to characterizing
reservoir-scale stratigraphic architecture by pray facies distributions and spatial
organisation (Eberkt al, 1994; Niedorodat al, 1995; Niedoroda & Kravits, 1996; Rivanaes,
1992; 1997; Bowman & Vail, 1999; Syvitsét al, 1994, 1999; Carest al, 1999; Watneyet

al., 1999; Paola, 2000; Burgess, 2001). Although mooee stratgraphic forward models have
been designed to simulate carbonates environmBotgéss, 2001; Warrlickt al, 2002; De
Benedictiset al, 2007), | will only consider stratigraphic forvdamodels simulating clastic

environments for this thesis.

Such numerical forward models are, generally, @didnto two categories, geometrical and
dynamic, a distinction based on the detail and derily of the method applied to simulate
erosion and deposition of sediment (Cross, 1990in&aet al., 1990; Rivaneas, 1992;
Slingerland & Harbaugh, 1994; Niedorodiaal, 1995; Niedorada & Kravits, 1996; Bowman
& Vail., 1999; Granjeon & Joseph, 1999; Paola, 20D@viset al, 2004). Geometrical models
approximate the result of erosion and sedimentabgnmoving pre-defined geometrical
profiles of different depositional environments nesponse to changing environmental
parameters (e.g Crossal, 1999; Bowman & Vail, 1999; Houstat al, 2000). These models
are generally two-dimensional (focusing on profiEgned along depositional dip) and are
computationally simple and fast, but incorporates,féf any, specific processes. Dynamic
models are more focused on the simulation of emosind sediment transport processes
themselves. Three different approaches can bengisshed; hydrodynamic, dynamic slope
and “process-response” models. Hydrodynamic mosietsilate sediment erosion, transport
and deposition by running water, via solving siripdl forms of the Navier-Stokes equations
(Tetzlaff & Harbaugh, 1989; Griffithet al, 2001). Dynamic slope models (i.e. diffusive
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models) simulate long-term large-scale sedimemtspart as a diffusion process (Moretti &
Turcotte, 1985, Rivaneas, 1992; Steclderal, 1993; Niedorodat al, 1995; Niedoroda &
Kravits, 1996; Fleming & Grotzinger, 1996; Den Bews et al, 1999; Granjeon & Joseph,
1999; Paola, 2000). Hydrodynamic and dynamic slopmerical models are computationally
complex and generally have high computational ¢cagtgch limit their use for multi-iteration
inversion processes. “Process-response” model®spmpate sediment deposition and transport
using a simplified set of equations that is gemgrapecific to a single depositional
environment (or suite of related depositional emwinents). They have the combined
advantage of incorporating simplified sedimentamycpsses with relatively low computational
overhead (Stormet al, 2002), but should be used carefully regarding sedimentary
environment which needs to be modelled. These ptiepaallow therefore their use in multi-

iterative inversion processes.

2.2 Forward Modelling of Wave/Storm-Dominated Environments

2.2.1 Wave/Storm-Dominated Sedimentary Systems

This thesis is focused on wave/storm-dominatedesystthat are supplied by sediment
transported by longshore drift. These systems #&ffyicconsist of an assemblage of
depositional environments comprising coastal plstirgndplain, barrier island and back-barrier
lagoon, foreshore (beach), shoreface and shelf (Elg e.g. Walker & Plint, 1992). These
environments are not necessarily coeval; for exampirandplains form during shoreline
advance, while barrier islands and back-barrieodag typically form during shoreline retreat
(e.g. Domingueet al.,1987; Boydet al.,1992).

In sandy wave-dominated systems, past and modeammgs show that the foreshore is
characterised by sandstones containing upper-femirre planar-parallel laminations caused
by the swash and backwash of breaking waves. Titestiore dips generally seaward at 2-3°
(Fig. 2.2; Elliot, 1986; Cant, 1991; Walker & Plint992). Associated shoreface deposits

typically comprise sandstones characterised by siepo@f symmetrical and asymmetrical
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ripples and asymmetrical dunes. These structusestrieom a constant along-shore and cross-
shore sediment supply driven by currents causedshmaling waves under fair-weather
conditions. The shoreface dips seaward at appragiyn@.1 - 0.3° (Fig. 2.2; Davis & Hayes,
1984; Walker & Plint, 1992; Hampson, 2000). The déovghoreface and offshore shelf are

characterised by the absence of fair-weather wetiera

beach-surfzone Shoreface-shelf sediment transport
sediment transport (meso scale changes)
(micro scale changew ------- Key:

BE= Lowershoreface
coarse

sediment low frequency-high amplitude E Foreshore-upper shoreface

response (event driven) - Lagoon deposit

Barrier deposit
=1 Coastal plain - river system

sediment exchange
between micro
and meso scale

high frequency-low amplitude response
(fair-weather)

Lagoon  Wave-dominated delta  Chenier plain ~ Storm deposits
Flood tidal delta

Washover fan f A

Back barrier

0 ==

5km
[ —

Barrier island

Figure 2.1: Sedimentological architecture of wawma¥inated systems. Part (A) highlights the
interactions between high frequency — low amplitpaesses driving the sedimentary system.
Part (B) illustrates the three dimensional architee of wave-dominated sedimentary

environments (figure compiled from Heward, 1981ndadl, 2003; Storms 2003 and personal

data).
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Sedimentation is mainly controlled by episodic stavave processes that deposit sandstone
event beds characterised by hummocky cross-stiaitin (Dott & Bourgeois, 1982), which
alternate with fair-weather shale deposits. Thelaffe shelf dips at 0.01-0.003° (Fig. 2.2;
Cant, 1991; Walker & Plint, 1992). Depositionalteats in wave/storm-dominated systems are
the result of complex interactions between high-nitage, low-frequency storm processes and

contrasting low-magnitude, high-frequency fair-weatwave processes (Fig. 2.2A).

foreshore/beach/Y ’
(dip =2 - 3 degrees)
upper shoreface
(dip =0.1-0.3 degrees)

longshore bars

L/2 IS—1 5m
fairweather wave base

storm wave base

lower shoreface and inner shelf ‘

(dip = 0.05 - 0.1 degrees) mid to outer shelf
(dip =0.01-0.003 degrees)

<—

1000 -2000 m

N
>

Figure 2.2: Schematic wave-dominated shorefacef-ghefile. The profile illustrates the main

elements and processes (from Walker & Plint, 1968ified by Hampson & Storms, 2003).

During storms, strong winds force the build-up afge waves which create strong water
currents that severely scour the shoreface andtiore areas (Walker & Plint, 1992; Storms,
2002). The remobilised sediments are transportistiafe beyond the storm wave-base or into
back-shore environments, such as barrier islandsvaashovers in the back-barrier lagoon.
During fair-weather conditions, the shoreface systecovers and steepens as sand is fed
onshore by asymmetrical, shoaling waves and agsdciangshore drift currents (Storms,
2002). In deeper, offshore shelf areas, less etierdgair-weather conditions allow the
deposition of silts and mud above older storm bbdsause the wave-base becomes shallower
at these times. Thus storm-event beds are presbsled the fair-weather wave base (Walker
& Plint, 1992).
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In the geological record, wave/storm-dominated esyist are preserved as facies succession
resulting from the combination of very long-termolgdl/regional processes (sea level, sediment
supply, subsidence variation) and short-term Iqualcesses (wave/storm frequencies and
intensities (Heward, 1981; Walker & Plint, 1992;rmiason & Storms, 2003). Short-term local
processes determine the sedimentation style, whiéoeg-term global and regional processes
determine accommodation for sedimentation and,, ttw@nsgressive or regressive facies
successions. This duality needs to be considerezhvidrward modelling these sedimentary
environments.

Because of the process involved, wave-dominate@isygsare characterized by limited along-

strike variability (e.g. Hampson & Howell, 2005).

2.2.2 BARSIM Numerical Forward Model of Wave/Storm-Dominated Shallow-Marine

Environments

2.2.2.1 BARSIM: Sediment Erosion/Deposition Implementation

BARSIM (Stormset al, 2002; Storms, 2003; Storms & Swift, 2003) is arerg-based
“process-response” forward model of stratigraphwt tisimulates wave/storm-dominated
shallow-marine environments over geological timéecée.g. several hundred thousand years).
The model is two-dimensional and simulates erostoamsport and deposition of multiple
sediment grain sizes along a two-dimensional csbsse profile (Fig. 2.3). BARSIM is based

on the mass conservation principle:

wH__TF .+ 2.1)

qt Ix

wheret is time [T], x is horizontal distance [L]H is topographic elevation relative to a
constant reference level [LF is sediment flux [E T%] and T is rate of subsidence due to
vertical movements of the sea floor [L']T The spatial derivative of the sediment flux is

defined as the difference between the rates of@r@nd deposition:
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T _ )
"o E(x,t)- S(xt,D) (2.2)

where E(x,t)is the rate of erosion [L™¥] and S(x,t, D) is the rate of deposition [L™*], which
is a function of grain sizeD)). The shallow-marine environment modelled by BARSIM
consists of two spatial domains: the back-barrier and theefsloe-shelf systems (Fig.2.3),
which are separated by an internal moving boundary debgetie coastline. Equation 2.2 is
solved independently in each domain because they prelifatent sedimentological
characteristics. Therefore, instead of calculating fluxes @ aneach consecutive cell in the
downstream direction over the whole area, erosion and diepogie estimated separately by
following three successive phases (Fig. 2.3)

- Phase 1: Calculation of the erosion flux in the shore¢agsion window.

- Phase 2. Grain-size dependent backbarrier deposition.

- Phase 3. Grain-size dependent shoreface-shelf depositdanwhfallout deposition by

suspension.

washover deposition

shoreface deposition

deposition function

oarse sediment . .
coarse sed deposition function

deposition

littoral drift

fall out
sea level
i 1 (X Hy reworking [ a a 0
: ' ' zone
E backbarrier | _— g ————— wave base —----- ¢
: E : (le Hw)t
mainland | lagoon : island :. shoreface shelf
EROSION [ Phase 1 | =3 Sediment flux
DEPOSITION [ Phase2 | | Phase 3 |

Figure 2.3: BARSIM implementation summary. (A) B#pn functions are used to simulate
deposition of each grain-size class. (B) Cross-sipoodile showing the geographical domains

where equations of sediment erosion and depositionsnapéemented in BARSIM. Firstly,
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BARSIM calculates the erosion in the shoreface areaor8éc BARSIM calculates
sedimentation in the back-barrier area and, thirdly,tire shoreface and shelf area (after
Storms, 2003).

Phase 1: Calculation of the erosion flux in the sheface erosion window
Erosion rate is defined as:
E(xt)=c, xc, (t)G(x 1) (2.3)

where G(x,t)is the local erosion efficiency [-] defined suchitasikes values ranging from one

in the vicinity of the coastline to zero at therstovave base:

G(xt)= M for x,(t) < x < x,(t)

2.4)
G(xt)=0 for x £ x.(t) and forx3 x,(t)

Constantm [-] represents the dependence of the erosion mtevater depth (Table 2.2).

Location xs(t) corresponds to the coastline, which is definedhayintersection of sea level
and the topographic profile having an elevationraef asHS(t) (Fig. 2.3). Erosion is limited
to a shoreface erosion window defined by the spetimain between locations(t) andx,(t).
Outside this domain, erosidg{x,t) is set to be equal to zero. Locatip(t)is defined by the
intersection of the wave bagd,(t) and the topographic profile. The wave basdg(t) is
defined a$-|w(t)= Hs(t)— zw(t), wherezw(t)is the depth of closure [L], which is the maximum

water depth for waves to affect the sea bottom. dégeth of closure is a function of wave
height: ;N(t) =cC, xw(t) in which ¢, is a constant (Table 2.1).

28



Inverse and Forward Modelling of Stratigraphy

The erosion efficiency rate [L T™] is independent of the properties of the uncodsadid

substrate (Table 2.2). Paramea:@(t) [-] corrects for temporal variation in wave energy

cw(t):w (2.5)

where w [L] and W(t) [L] are respectively the fair-weather (Table 2a2)d the current wave
heights (i.e. wave height simulated at tirf)e The current wave heighw(t) can either
represent the fair-weather wave heightor the event wave height\/e(R), as discussed in the

subsequent paragraph.

The total sediment flux available for depositiopesified for each grain-size clasB)( is
obtained by adding the volume of sediment erodedngustorm events to the sediment
supplied via longshore transport (i.e. into andtbatmodelled 2D cross-section) defined as net
sediment input by the model user (Table 2.2):

F (t,D)=5gt.D)+ E(xt)ix @.7)

Xs

where SS(t) is the influx of sediment fL.T™] supplied by longshore currents (Table 2.2) which

can be specified for different grain siz€y @and E(x,t) is independent of grain size.

Phase 2 and 3: Grain-size dependent backbarrier ahdreface-shelf depositions.

To simulate washover deposition, back-barrier sedinflux (Fm,ss) has been defined as a net

proportionc, [-] (Table 2.1) of the total sediment f|lH_-}((t, D). Thus, sediment fluxes available

over the backbarrier and shoreface-shelf domaims haen defined as follows:

F. a8 =C, ¥F (t, D) for0£c, £1
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2.7)
l:in,SF = (1_ Cv)xF (t’ D)

When the backbarrier is completely fille&,, 5z is added toF, - prior to the calculation of

Phase 3 in order to comply with the mass consenvatiinciple. The deposition function used

in the model is given by:

S(x,t,D)= % forxEx,  (Phase (2.8)
S(x,t,D)= % + FMR(t, D) for x>x,  (Phase 3 (2.9)

where F is the flux of sediment that is in transit and #ae for deposition [E T7], h
represents the sediment travel distance [L], wikiepends on the grain size of the sediment
and on the environment of deposition. ParamiekdR represents a steady fall-out rate [T

of fine sediment in calm water at the shorefacdfgfiemble 2.2).The net effects of size-
selective transport (i.e. sediment by passingsmnelated by the size dependence of the travel
distanceh in the deposition function. Cross-shore sedimespeatisal is described by the
following relationship between the nominal graimmeterD (mm) andh (m) based on data
from Terschelling, the Netherlands (Guillén & Hoe&s1996, 1997):

25

D
h'(D) =c, (t) xc, (t) x 110+ 590 S’f for D>D,

(2.10)

06

D
h'(D) =c, (t) c,(t) x 500+ 200 Sf for DED,,
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where D, = 0.125 mm. Constant, (t) accounts for local variability in sediment trandpo

capacity during storm and fair-weather conditionahle 2.2). The constarm;N(t) [-] accounts

for the temporal variability of wave height.

Barrier geometry (situated between backbarrier ahdreface-shelf depositional area) is
modelled via a geometric approach. Geometric paenheeed to be specified by the user
prior to the simulation (Table 2.2). BARSIM implentation is such that back-barrier and

barrier sedimentation are only simulated duringggaessive conditions.

2.2.2.2 BARSIM: Event-Driven Implementation

In contrast to algorithms that simulate time-averhgorocesses, BARSIM distinguishes
between storm-event and fair-weather conditionsi\gu® stochastic component. At each
iteration, BARSIM alternates between storms andviegather conditions.Wave-heights during
storms and durations of fair-weather periods aoelststically determined from exponential
probability distributions (Fig. 2.4) as observedmiodern environment at Schiermonnikoog in

the Netherland. Values of the wave height durin:gmtconditionsWe(R) are determined from

a random uniform numbGR(O;L) and equation 2.1 (Storms, 2003):

w,(R)=—+w for  a>0 (2.11)

where W represents the maximum fair-weather wave heightwhjch is assumed to erode
smaller previously formed fair-weather wave sco@snstanta [-] describes wave height
climate of different coastal settings (Table 2lh)the standard implementation of BARSIM,
the minimum fair-weather wave heighif is set to be constant during the simulation period
(Fig. 2.4A). However, to better control variatiooisboth fair-weather and storm wave heights
during the simulation period and therefore to maoefétcts of long-term changes in climate

and/or of minor three-dimensional coastline origatareadjustments, | modified the BARSIM
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algorithm and set the minimum fair-weather waveghevalueW to be time-dependent (Fig.

2.5B).

Storm recurrence
1 interval distribution

10y 50y
min
tmin is an user defined minimum

Wave-height distribution

0
3m 10m

Storm recurrence
interval distribution

10y 50y
min
tmin Is an user defined minimum

Wave-height distribution

Wf 10m

8m

6m

2m

—— W, : Constant fair-weather wave height.

8m

6m

4m

Simulated wave-height time serie

0 20000 60000 100000 yrs

Simulated wave-height time serie

2m

0 20000 60000 100000 yrs

——  W;, : Time dependent fair-weather wave height.

Figure 2.4: BARSIM simulation of wave-height tinegiess based on exponential functions.

Independent uniform random numbers between O asn@ Lised to draw both distributions to

create a time series (right), which is used as irfpu BARSIM (modified from Storms, 2003).

(A) Standard implementation of BARSIM in which waeegght during storm conditions is

drawn from a constant distribution of fair-weatheave height. (B) Modified implementation

of BARSIM in which wave height during storm cowodii is drawn from a time-dependent

distribution of fair-weather wave height.
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The duration of a BARSIM time step during fair-weat, Dt,, [T], or storm conditions

Dx, [T], is described as:

+t, for a,>0 (2.12)

in which a, [-] is a constant that accounts for the duratibfag-weather periods, which is a
proxy for wave-height recurrence interval (Tabl&)2To avoid excessive calculation times,
t..»can be chosen to be in the order of decades tor&aind years. A long fair-weather period,
however, will embrace more small and seasonal statman a short fair-weather period.
Therefore, fair-weather wave height as used in rtih@del is positively correlated with

minimum duration of fair-weather periods.

Parameter Value Description

C. 7 Constant calibrating the depth of closure of wave

c, 0.25 Proportion of sediment flux for available b&ekrier deposition

ai 1-5 Constant accounting for wave height climatedifferent coastal
settings

a 1-5 Constant accounting for duration of fair-weatperiods

Table 2.1: Constant used in BARSIM algorithm.

2.2.2.3 Restrictions on BARSIM Application

Applications of BARSIM are restricted to wave/stedominated shallow-marine systems as
the model does not include fluvial, tidal and amoliprocesses. Futhermore, due to its
simplified two-dimensional approach, BARSIM assurttest local 3D variations over short-
times scales, such as the behaviour of rip-cuciesmtnels in the shoreface or the segmentation

of the barrier-island system by tidal inlets, hdiwe effect on the preserved stratigraphy.
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Thus, like for all numerical models, results shondd be over-interpreted beyond these basic
assumptions. Moreover, it is important to note thatinversion results will be, at best, only as

good as the forward-modelling algorithms in terrhsimulating reality.

2.2.2.4 Environmental input parameters in BARSIM

In order to perform one BARSIM forward simulatidmo sets of input parameters need to be
specified: the internal and external parameterse ifternal model parameters (“sediment

travel distance correlation event; (t)oene “sediment travel distance correlation shoreface”:
Cq (t)fair_weather, “power for erosion scaling: shoreline — wave Base “erosion efficiency

rate”: c, , “maximum height and width of the barrier”; Tal2l®) are required by the numerical

model formulation and characterise aspects of setitnansport distances, maximum erosion

rate and barrier morphology. The erosion efficienate c, is independent of the substrate

properties. The parameter labelled “power for emscaling: shoreline — wave base’is a
constant that represents the dependence of ercsi®eron water depth. The “sediment travel

distances correlation event, (t)oere @nd “sediment travel distances correlation sheegfa

event

Cq (t)fair_ weather P@rameters account for local variability in sedmtngansport during storm and

fair-weather conditions, respectively. These twoapeeters are constant values that are used to
match specific local coastal settings for the estiom of sediment travel distance. Higher
values of these parameters produce a higher pidlgdbr transporting sediment over longer

distances.

The external model parameters comprise the irgbaldition parameters and the
environmental parameters of interests (Table 2T3)e initial-condition parameters are
represented by the different grain-size distribngiof sediment added by littoral drift, the
grain-size distribution of the substrate, and thbsfrate physiography. The environmental
external variables are represented by constantmmdeas (mud fallout rate, differential
subsidence rate) and time-dependent parametersdkagve sea level, sediment supply added
by longshore drift current and fair-weather waveghe curves). The mud fallout parameter

represents the mud deposited by suspension indepéydrom the mud added by longshore
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drift currents. Mud fallout is simulated using aifarm rate imposed across the whole

shoreface-shelf profile during fair-weather corahs

In this work, both the internal and the externaliakcondition parameters will be adjusted
manually when initialising the stratigraphic inverand forward numerical scheme. These
parameters will remain constant throughout thersiea process. Initial-condition parameters
can easily be estimated from prior analysis ofdhserved geological data (Chapters 6 and 7).
The estimation of the internal parameter is moficdlt and depends on observed geological
data quantity and quality. Maximum erosion ratelireent transport and barrier morphology
parameters have either been adjusted manually lmasedeliminary forward simulation tests
in cases where the observed data were of suffigeality (Chapters 6 and 7) or have been set

to be equal to default values available in BARSh&pters 6 and 7).

Internal Parameters External Parameters

Initial condition parameters  Environmental paramerte

Erosion efficiency rate [fy] Grain size (shale class) [um]  Relative sealleveve [m]
Power for erosion scaling: ~ Grain size (Sand class) [um]  Sediment supply Cunf/g]
shoreline — wave Base [-]

Sediment travel distance Supply composition (% of  Fair-weather wave height

correlation event [-] sand) [-] curve [m]
Sediment travel distance Substrate depth [m] Mud fallout rate shoreface
correlation shoreface [-] [m?/y]

Maximum height and width  Grain-size distribution of the Differential subsidence rate

of the barrier [m] substrate [um] [m/y]

Table 2.2: BARSIM input parameters.

Throughout the thesis, the stratigraphic inversec@ss will aim to invert the environmental
constant and time-dependant parameters. Becausespmatigraphic analyses of the observed
data used in case-study applications (Chapter 6Chaghter 7) did not show any evidence of
differential subsidence (i.e. rotation of the sulitst when sedimentation occurred), the
differential subsidence module has not been useBARSIM, the time dependent parameters
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consist of three independent matrixesi ={SL*, SL?,...,SL*} of dimensionkx2 for the sea
level, SS={SS',SS,...,SSP}of dimension px2 for the sediment supply and
W :{Wl,Wz,...,\Nk}of dimensionlx2 for the fair-weather wave height. Each element of
Sl', ss'and w' are then given asSL ={t',sl' ,} SS ={t',ss}and W' ={t',w'}
representing sea level (m), sediment suppl§/yihand fair-weather wave height (m) at their

respective reference tirdle These values are interpolated linearly betweem $wccessive

reference times in order to create a continuoustim

2.2.2.5 BARSIM output format

The output of BARSIM is a cross-section showingas#onal patterns along a profile across
the shoreline (i.e. oriented along depositional).dipach node of the BARSIM output grid

gives information about its position relative tdixed reference frame chosen by the model
user, the grain-size composition (percentage oh eaitial grain-size class) and the age of
deposition. BARSIM output also provides 1D verticiccessions of the grid at specific
locations (i.e. equivalent to measured outcropi®estor subsurface wells) and sedimentary
interval thickness curves (i.e. equivalent to amp&ch derived from outcrop, well and/or
seismic data). These are the forms of data thahall subsequently use for inversion

applications.

2.2.2.6 BARSIM adaptation to the inverse algorithm

BARSIM code was available in Visual Basic programgnianguage, with an associated “user
friendly” graphic interface. | therefore dedicatelde first few months of my PhD to
understanding its implementation and to rewritinm ia fully object-oriented C++ version. In
this new implementation, graphic interface and need modules have been deleted to speed
up the code. This simple modification allows mevin up to around 20% of the computational

cost. The BARSIM algorithm has been transformed i6++ class from which the inverse
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algorithm object, which | developed subsequentifierits its public variables. | also modified

BARSIM to provide output described in the previceastion.

2.3 Summary

BARSIM is an event-based “process-response” forwaadlel of stratigraphy that is able to
simulate the dual action of long-term global/regib(sea level, sediment supply, subsidence
variation) and short-term local processes (wavefstdrequencies and intensities) over
geological timescale that are characteristic of teve/storm-dominated shallow-marine
environments. Its simple formulation allows low qautational costs and therefore its use in
multi-iterative inverse processes, but its spetyfiimits strictly its use to wave-dominated
stratigraphy. The two-dimensional approach usd8ARSIM seems to be justified priori by

the limited along-strike variability characteristi¢ wave-dominated environments. However
numerical model results should not be over-inteégatdoeyond the basic assumptions inherent

to the model algorithms.

37



Inverse and Forward Modelling of Stratigraphy

Chapter 3

3 A Bayesian Approach to Inverse Modelling
of Shallow-Marine Wave-Dominated

Stratigraphy

Abstract

In this chapter, | will present a new method fae thference of key environmental parameters
that control stratigraphy. The approach combindsllg non-linear inversion scheme with a
“process-response” forward model of stratigraphyormulate the inverse problem using a
Bayesian framework in order to sample the full epgpossible solutions and explicitly build
in prior geological knowledge. The methodology camb Reversible Jump Markov chain
Monte Carlo and Simulated Tempering algorithms Wwhéze able to deal with variable-
dimensional inverse problems and multi-modal pasterobability distributions, respectively.
The inverse scheme has been linked to a forwaatigsmphic model, BARSIM (developed by
Joep Storms, University of Delft), which simulatelsallow-marine wave/storm-dominated
depositional systems over geological timescaless Tihk requires the construction of a
likelihood function to quantify the agreement betwesimulated and observed data of different
types (e.g. sediment age and thickness, graindstabutions). The work presented in this

chapter is partly published in Charahal (2008a).
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3.1 Introduction

The previous chapter illustrates how numerical fivmodels of stratigraphy attempt to

predict stratigraphic architecture as a functioren¥ironmental parameters, using calibrated
empirical or process-based equations to simulatee-tiependant sedimentary processes.
However, despite these attempts to quantify thé fahge of processes that control

stratigraphy, such numerical schemes also suftan ftheir complexity. In fact, the use of

stratigraphic forward models is not as widespread should be, at least in part because of the
difficulties of calibrating the large number of patially important input parameters against
observed geological data and also of quantifyingeuninty. As a consequence, such
numerical models are currently used more as anriexpetal device (Burgess, 2002), rather
than a routine predictive tool. To achieve theelagioal, a robust scheme which combines
forward models of stratigraphy and mathematicaéision methods is needed, thus allowing

efficient exploration of the parameter space dribgrthe observed geological data.

In this chapter, | address these issues by devegapinumerical scheme combining “process-
response” forward models of stratigraphy (BARSIMor&set al 2002; Storms, 2003) and
non-linear stochastic inversion techniques, whiclil we applied to shallow-marine
wave/storm-dominated sedimentary systems. In doimg | have formulated a Bayesian
approach to quantify the environmental input patenseand their uncertainties, which

conditions the parameter inference on observedgemall data.

The chapter is structured as follows. Firstly, Il\wresent an overview of the previous work
undertaken in inverse and forward modelling oftgraphy, with an emphasis on the need to
create a robust inversion scheme that is able Ity &ssess the uncertainty inherent to an
inverse solution. | will secondly give the backgnduof my inversion approach and thirdly
discuss its implementation. Fourthly, a summary bl provided. The following chapter will

present validation tests that use synthetic dath,emphasis on computational performance.
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3.2 Previous Work

Inverse methods (e.g. Mosegaard & Sambridge, 200@segaard & Tarantola, 1995;
Tarantola, 2005) describe how information (e.g.ir@mmental input parameters) describing a
parameterised physical system (e.g. forward modest@tigraphy) can be derived from
observed data (e.g. well and seismic data). Moreoweis philosophically desirable to
explicitly incorporate prior information (e.g. kntedge of the geologist, physically plausible
parameter values) when constructing inverse moddis. applications of such methods to
stratigraphic modelling have been limited for tve@sons: modelling such geological processes
is computationally intensive and time consuming] ganantifying geological knowledge and
observations is often difficult. The first reassrbecoming less of an issue as computing power
increases, and the second, although non-trivialnas insurmountable, depending on the

particular problem under consideration.

Inverse approaches are increasingly used withigtaghic numerical methods to quantify
input environmental parameters. Lessenger & Crd89q) were the first to apply such
sophisticated techniques to stratigraphic modelliege also Cross & Lessenger, 1999;
Lessenger & Lerche, 1999). They presented a sudatesemple of a basin-scale application
on the Mesa Verde Group, San Juan Basin (Colotd88,) by combining a two-dimensional
geometrical forward model with “Lerche’s inversialgorithm”, a combination of linear and
non-linear search schemes based on gradient deficenshe, 1996; Thomsen & Lerche,
1997). However, although their choice of a localigear inverse technique decreases
computational costs, such methods do not overchme@rioblem of uniqueness of the solution
(i.e. the same observed stratigraphy may be exgialny different parameters combinations).
Moreover, the authors admitted they were not dgtcemfortable about their technique for
calculating uncertainties (Cross & Lessenger, 1988p as a consequence of their linearising

assumptions.
Bornholdtet al. (1999), and more recently, Wijres al (2004) analysed the application of a

fully non-linear global inversion algorithm (Geret#lgorithm, GA) to 3D forward models,
respectively FUZZIM (Nordlund, 1999) and SEDSIM ¢@ngdynamic models) (Tetzlaff, &
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Harbaugh, 1989; Griffithet al, 2001). By formulating their respective inverséeoes as
optimization problems and testing them on synthe&ita, their work highlighted two points.
Firstly, the building of a robust exploration sclem necessary to sample the full range of
possible solutions of the inverse problem. Everusing a GA, Wijnset al. (2004) obtained
results for some parameters that were far fromktteavn true solution. This emphasizes the
importance of assessing uncertainty with a robusthod that can efficiently explore the
parameter space. Secondly, the use of a compuadyidiast forward model is desirable to
decrease computational cost, thus allowing a comgieploration of the parameter space in a
reasonable amount of time. To overcome the prol@émomputational issues, Lopez al
(2006) used a simplified version of a 3D diffusfeeward model (DIONISOS, Granjeon et al.,
1999), from which they directly mathematically diexd the input parameters (inversisensu
stricto). Uncertainty assessment was realised by runmagral forward realisations calibrated
by varying the obtained input parameters valueshodigh this method is successful in
decreasing computational overheads, the techniglielees not overcome the problem of

uniqueness of the solution and lacks robustneassassing uncertainty.
Based on this literature review, the philosophydus®e design the inverse scheme presented
below involves the use of a computationally fasivard model allied to a robust non-linear

inversion scheme which has to be able to expldr@etitly the parameter space and assess the

issues of uniqueness of the solution and of unicgytastimation.

3.3 A Bayesian Approach to Inverse Stratigraphic Modeling

A forward algorithm can be represented as follows:

D= 9(X) (3.1)

where D, ={dl dZ d }represents the simulated data (e.g. welis)the number of

sim? ¥sim?** =1+ sim,

simulated datax the total model parameter matrix (in our case, awsegd of SS, SL, W and
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FM), and g is the forward model function (e.g. BARSIM). Thetimization problem can be
formulated as follows, given a set of observed Bgta={d’..,d.;....do} find values of X

which produce value® that most closely reproduce the observed DOgta However, the

total problem for inversion is to understand theautainty on this optimal, or best, model, or
distribution of all possible models. Both aspeetsuire some quantitative measure of how well
a given model can reproduce the observed data. i$hHimown as the misfit or likelihood

function, the latter of which can be thought ofaaseasure of the probability of reproducing
the observed data, given a model with a particsdaof parameter values. This can be written

as p(D | X), wherealb meansa given, or conditional orh.

obs

In order to incorporate geological information egply, we follow the Bayesian approach
(Gilks et al, 1996; Denisort al, 2002; Tarantola, 2005). In this, we define a ppmbability

distribution on the unknown model parametp(ﬁ(), l.e. what we think is reasonable for our

particular geological setting, in the absence gf @moblem specific observations. Then, Bayes

rule expresses the relationship between the datéhermodel as:
p(x | Dobs) p(Dobs) = p(Dobs | X )p(X) (32)

The term,p(Dobs), is often referred to as the evidence or mardikelihood (Sivia & Skilling,

2006; Sambridgeet al, 2006) and is equivalent to the right-hand sidiegrated over all
possible models. In our context, the evidence i$ dicectly a function of the model
parameterX , as they are “intergrated out” (Sambridge al, 2006). Thus the evidence

p(Dobs) can be regarded as constant (Sivia & Skilling, 8080 we can write (3.2) as a

proportionality relationship
p(x | Dobs) p p(Dobsl X)p(X) (33)
where p(X | Dobs) is the posterior probability of the model givee tibserved da, .. Thus,

the posterior distribution can be considered toesgnt how our prior knowledge of the model
parameters is updated once we have some obsert@dFig 3.1). Therefore, the Bayesian
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approach can be thought of in terms of updatingrination or information retrieval (e.qg.
Tarantola & Valette, 1982). Clearly, if the prioncathe posterior distributions are the same,
then we have learnt nothing from the data. To dtar&ze the model space, we want to be able
to determine the posterior distribution. In mostlrg@roblems, this generally involves

analytically intractable integrations, and so wed& use numerical methods.

Posterior distribution P(X|Dops) ©X Prior distribution P(X) X Likelihood distribution P(Dps|X)
‘q - 4 -
| o | | P(Daps | X1)
P(x1|Dops) P(x7)

Figure 3.1: Graphic illustration of Bayes law fdre distribution of two parameters x1 and x2.
The joint posterior probability distribution of thEarameters kand X (left) can be considered
to represent how our prior knowledge on these patens (centre) is updated by the
likelihood probability distribution (right) once wieave some observed data (modified from

Tarantola, 2005).

3.4 Determining the Posterior Distribution

The aim of the inversion scheme is to construcklable representation of the posterior

probability distributiorp(X | Dobs). Given this, it is then straightforward to extraadividual

models (e.g. the best or expected model), to aactsprobability distributions for individual
model parameters, and to examine correlations lestvparameters. The best model is the
model having the highest posterior probability. Breging on the nature of the prior function,
this may or may not be the same as the model thainmzes the data likelihood. One widely

used method to achieve these goals is Markov cklinte Carlo (MCMC), a stochastic
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sampling-based approach. Compared to basic Mont® @aethods that require a lot of
samples to be representative of the parameter spac®ICMC algorithm aims to draw
samples throughout the range of the posterior mibtya distribution in appropriate
proportions. For that purpose, the MCMC methodhisnded to draw a sequence of random

variables (i.e parameter@(o,Xl,...,Xt}such that the next generation stafe, is sampled
from a distributionP(Xt+l | X, )Which depends only on the current st&tg. That is, givenX,,
the next stepX,,,does not depend further on the history of the clﬁ}(igl, Xl,...,Xt}. Such a
sequence is called a Markov chain &P ¥ is called the transition Kernel of the chain. hist
context, the MCMC algorithm aims to build a Markolain (i.e. random walk) which will
gradually forget its initial state arﬁ(ﬁ XO), will explore the parameter space and will
eventually converge to a stationary distributioet’'sl say f( ) the posterior probability
distribution being its stationary limiting distriban. For the distribution oK, to converge to a

stationary distribution, the chain needs to saiisfyortant properties (Gilkst al, 1996):
- It has to be irreductible. From all the startingrp® the Markov chain can reach any
non-empty step with positive probability in somemier of iterations.
- The chain needs to be aperiodic.
- The chain must be positive recurrent. This canXpeessed in terms of the existence of

a stationary distrinbutiorp(X | Dobs), such that, if the initial valueX,is sampled for
the posterior probability distribution, then allethsubsequent iterations will be
distributed according to the posterior probabiitgtribution p(X | Dobs).

- The chain has to be reversible (i.e meet a dethitdaince condition), which means that
the target posterior probability distribution shobube invariant for P(><1>). The
probability of jumping from X, to X, should be the same as the probability of
reversing this jump.

Once the chain reaches stationarity, the distutof its samples provides a good
approximation of the underlying prosterior disttibua.

Although the theory is complex (useful introductdn this methodology are given in Gilés

al., 1996 and Denisoet al, 2002), building such Markov chains is relativeBsy by using an
MCMC algorithm as defined Metropolet al, (1953) and later on Hastings, (1970) and Green
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(1995). For the stratigraphic inverse problem dpation, | designed a Hybrid sampler
(Denilson et al, 2002) that combines different MCMC-based methdéiged Dimension
Markov chain Monte Carlo (Metropolet al, 1953; Hastings, 1970), Reversible Jump Markov
chain Monte Carlo (Green, 1995) and Simulated Temgég¢Marinani & Parisi, 1992; Geyer

& Thompson, 1995) algorithms. The Fixed Dimensioarkbv chain Monte Carlo sampler
will be used in Chapter 6 and 7 to invert the fixdchension mud fallout rate environmental
input parameter. The Reversible Jump Markov chaont® Carlo sampler will be used in
Chapter 4 to invert sediment supply and relatiaeleeel parameters, and in Chapter 6 and 7 to
invert sediment supply, relative sea level pararsedad fair-weather wave height parameters.

The stratigraphic inverse algorithm architecturdlustrated in Figure 3.2.

In this chapter, only the Reversible Jump MarkowaichMonte Carlo algorithm will be
presented as it represents a generalization dfittesl Dimension Markov chain Monte Carlo
sampler (cf. subsequent paragraph) to variablermmdvariable parameter space dimension.
For the variable dimension parameters, the targstiepior distributions of interest are then, the
relative sea level, the sediment supply and thewfaather wave height curves, their respective
uncertainty and possible non-uniqueness (Fig. 3A3).mentioned earlier, the curves are
parameterized by points, but in the most general case, users d&naw the most appropriate
value ofk. Therefore, | implemented a method where the dawenof the model space is
variable. This aspect is relevant for computatioetiiciency, uncertainty assessment and
application to real datasets. Ideally, the invergiwocedure has to choose the number of sea
level, sediment supply and wave height points withmaking the curves so simple that they
do not fit the observed data well (Fig. 3.3B), orcomplex that they effectively over-fit the
observed data (Fig. 3.3B). This is a model chasae which can be solved by the Reversible
Jump Markov chain Monte Carlo (RIMCMC) algorithmoposed by Green (1995); a
discussion of the application of this algorithmatele to fixed-dimension methods is given in
Sambridgeet al. (2006). The RIMCMC-based sampler is a generadizaii the Metropolis-
Hastings technique (Metropolet al., 1953; Hastings1970), and is capable of sampling or
jumping across spaces of varying dimension (Braaikal., 2003). A further, and important,
advantage of using this method is that Bayesiamnigoes are naturally parsimonious,
avoiding over-complicated models (e.g. Denisvml, 2002; Malinverno, 2002; Sambridge
al., 2006).
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Figure 3.2: Simplified workflow diagram illustratirthe inverse method.
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Figure 3.3: Impact of the number of dimensionsMEMC methods. This cartoon illustrates
two fixed-dimension MCMC strategies that samplepbsterior distribution of the sediment
supply or relative sea level curve. In both casesriumber of points defining the curves, by
linear interpolation, stay constant during the sdimg process.A) In cases where the number
of points chosen a priori is larger than the numbg&points needed to parameterize the curve,
computational efficiency is reduced)(In cases where the number of points chosen aipsio
smaller than the number of point required, it igpossible to correctly sample the posterior

target distribution.

3.4.1 Reversible Jump Markov chain Monte Carlo (RIMCMC)

In this thesis, three similar RIMCMC algorithmsmgéing independently the relative sea
level, the sediment supply and the fair-weatheremMagight posterior distributions, have been

combined in the Hybrid sampler. The method desdrihéhe subsequent paragraph refers to a
matrix parameteX (in which eactX' :{t‘ ,x‘}) that corresponds to the matric&$ or SL

or W in their respective RIMCMC samplers.
The purpose of the inversion scheme is then tor itfie following set of parameter&:

(dimension, number of points) aid (parameter matrix of dimensiokx2). The general

algorithm for MCMC can be expressed as follows. Blgorithm chooses an initial set of
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model parameters at random from the prior distidvudf each parameter, and this includes the
number of parameteks It calculates the likelihood for this current n@bdnd then perturbs the
current model parameters in a variety of ways (@xed below) to produce a proposed model.
The perturbations are made according to probabilistes, coming under the general term of
proposal densities. The algorithm calculates tkelihood for the proposed model, and then
makes a comparison between the proposed and cunczils in terms of the likelihood and
the prior and proposal probabilities (Fig. 3.4)eTdim of this comparison is to decide whether
to replace (or update) the current model with teppsed model or not. The algorithm is such
that it always accepts a better (data-fitting) nmiobat it can also accept a less good model,
again according to some simple probability-basdesr(Fig. 3.4).

p(xchobs) > p(xtlDobs) - Xt+1 = XC p(Xchobs) < p(xtlDObS):
N ’ if a(XeXg) > U[0,1] = Xiuq = X,

>
>
>
>

- - else = Xy =X
e} Q
Do DO
g p(Xchobs) g
[} AQ o
i p(xtlDobs)
! P(X{|Dops) i
I '
I |
/ i i p(xchobs)
XTI X X XX

: Unknown posterior probability
f E distribution
{ \ Proposal distribution: q(X;|Xt)

LN
A
3

1 i l—. Inferred posterior distribution
TILL‘-'

° Proposed jumps

~ Markov chain steps (i.e. samples)

u[0,1] Random number sampled uniformly

between 0 and 1

Figure 3.4: Simplified cartoon illustrating MCMC thed for a single model parametef .

First, a candidate model parameteX is drawn from a proposal density centred on the
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current model parametet, (A,B). Second, local calculation of the postermobability
p(XC | Dobs) is estimated via the prior probability and thedlikood function as defined by the
Bayes’ Rule. Then, (A), If the candidate model paater X presents an higher posterior
probability p(X, | D,,,) than the current model parametér, the acceptance ratia (X, X, )
becomes higher than 1 (cf subsequent paragraple)ntxt step of the Markov chak,,, is
set to be equal toX.. If the candidate model parameteX presents lower posterior
probability than the current model parametr,, the acceptance ratitaz(XC,Xt) becomes
lower than 1: the next step of the Markov chadn,is set to be equal proposed candidate
parameter X if a(XC,Xt)3 U, or to be equal to the current state paramet®rif
a(XC,Xt)<U . U is a random number drawn from a uniform digttibn comprised between

0 and 1. The repetition of this method allows thegkdv chain to converge to a maximum (i.e.
high probability area) and to sample the stationaligtribution around it. Once the chain
reaches stationarity, the distribution of the saespprovides a good approximation of the

underlying posterior probability distribution (C).

This simple process not only allows the chain tovesge to high probability areas, as for
optimisation algorithms, but to also sample thédtdtionary distribution around the maximum
by accepting a less good model. The outcome of #fisr many iterations, is an estimate of
the posterior distribution for all model parametdriserefore, following the general framework
proposed by Green (1995, 2003), where an initiadehds chosen based on the prior
distribution, and then at each iteratmn

- The algorithm chooses firstly one type of model elision update (referred to as a jump),

with a certain probability (see Appendix A), to pose a candidate mode€l, by perturbing

one or more components of the current model (X'may or may not have the same
dimension ofX ).

- Secondly, this proposed model is accepted or egectwith the following probability,
according to the required detailed-balance requerer(Green, 1995):
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p(Dobsl)(‘)p()(I )q(xc |XI)' JR' |J| (34)
p(Dobs | Xc) p()<c)q()<I | Xc)

a(X,, X")=min 1,

where the first ratiop(D,,, | X' )/ P(D,,s | X.) represents the likelihood ratio, and the second
ratio p(X')/p(X.) is the prior ratio. The term(X | X')/a(X | X.) represents the proposal
ratio, in which q(XC|X')is an arbitrarily chosen proposal density by whitie new
candidate is drawn from the current model. JR & jtimp ratio (ratio of probability of
reversing a proposed jump to the probability ofgmsing that jump) (Appendix, F.3[)]| is

the Jacobian term which arises due to the changeeomodel state (Appendix, F.4) and is

therefore equal to 1 for fixed dimension jump typdisthe candidate modeX'is accepted,

this model is set to be the next step of the Martoain (X ,, = X '), otherwise the current

model is set to be the next ste} (, = X,).

In the algorithm | developed, four jump types héeen designed, two of which involve no

change in dimension and two of which do:

- The first one, “MoveX” perturbs the' coordinate of one of thé& X'points, randomly
chosen, at fixed dimension. The candidate modebhdsepted with the acceptance
probability a (X ., X") yoex (Appendix B). This jump type is similar to the €$écal Fixed
Dimension MCMC algorithm which will be used in Clhep6 and 7 for updating the fixed
dimension mud fallout rate environmental input paeter in BARSIM.

- The second one, “MoveT” perturbs thecoordinate of one ok X'points, randomly
chosen, at fixed dimension. The candidate modebhdsepted with the acceptance
probability @ (X, X") yoer (Appendix C).

- The “Birth” jumps across dimensions by adding a raint X' ={t‘,x‘}to the matrix
parameterﬁ({“}. The candidate model is accepted with the acceptgrobability
a(X¢, XVgimn (Appendix D).

- The “Death” is the reverse of the “Birth”, and jusipcross dimension by deleting a

randomly chosen poink' ={ti ,x‘} of the matrixXx ¥ 2. The model is accepted with the

acceptance probabilitya (X ., X") pear, (Appendix E).
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It is important to note that the efficiency of swatgorithm depends on:

- The number of samples required before the algoritlegins sampling from the target or
stationary distribution, known as the burn-in pdri@durn-in period samples have to be
discarded for inference analysis).

- The mixing rate of the chain, which determines heffectively the parameter space is
sampled, or explored. In fact, despite the conaldleramount of freedom in building such
jump types, a key issue in MCMC methods is to desfficient proposal functions in
order to maintain a good acceptance rate (arouft, Zhlks et al, 1996; Rotondi, 2002;
Al-Awadhi et al, 2002; Brookt al, 2003).

- The multi-modality and roughness of the posteristridhution in the solution area.

Slow and poor mixing of the chain will lead the énsion process towards an inefficient, often
incomplete, sampling of the posterior probabiliigtdbution. A highly multi-modal solution
area will tend to result in a slow convergence fatehe chain, and will generally increase the

risk of becoming trapped at a local sub-optimal enod

3.4.2 Simulated Tempering (ST)

A Posterior probability distribution Figure 3.5: Cartoon illustrating the idea of

—_

Simulated Tempering. The introduction of a
temperature factor in the Markov chain
space (here T = {2,3,4}) “flattens” the

“cold” posterior probability distribution 1

Posterior probability

of the parameter (Xi), which allows easier

jumps between modes for the “warmer”

posterior probability distributions,, 3 4.

parameter value Xi

Initial tests of the RIMCMC samplers applied to statigraphic inverse problem showed that

they are sometimes inefficient in dealing with altmaodal and rough solution “landscape”.
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This is a well known result with conventional MCMethods (Brooket al, 2006). In fact, it

is very hard to set up an efficient proposal disition a priori that allows the algorithm to
explore both between and within the modes, wit@maoming “stuck” in local areas. To avoid
this problem, a Simulated Tempering (ST) samplearivani & Parisi, 1992; Geyer &
Thompson, 1995; Liu & Sabatti, 1999; Brooks al, 2006) has been incorporated in the
general framework of the Hybrid sampler (Fig. 3.2).

Simulated Tempering is a MCMC method which reliadlattening the stationary distribution,
allowing easier movement between individual modeag. (3.5). A new term, the temperature

¢ (which takes values from a finite set of tempenalavels,z ={12,...,T} being a finite set of
integers) is added as a random variable in the Madbain statéX,k,z). This allows us to
use a series of stationary densitﬁgix,k) whose shape depends on the value: of

- The “cold” distributionpl(x,k) is the posterior probability distribution of ingst, from

which inference is made.

- The *hot” p; (X,k)distribution where rapid mixing takes place.

The method also requires a fixed set of correspmdirbitrarily chosen, normalising weights

w,(with w, >0 and w, =1; Geyer, 1991). Following Brookst al. (2006), a specific

method for “heating up” the target distribution Heesen used, Wherﬁ;t (X,k):p(x,k)% is
taken. Note that, hergp, corresponds to a uniform distribution over the renpparameter

space, effectively removing all local modes andvaihg easy but not particularly informed
movement around the model space.
The Simulated Tempering sampler updates the teryseracheme in a Metropolis-Hasting

way, by proposing a new temperature from a propgsabability distributiory, (z‘,z").
Following Geyer & Thompson (1995), we sglz, +1)=q,(¢,7 - 1)= }é fort =2,..T-1

andq,(12)=q,(T,T-1)=1. The candidate temperature is accepted with thebatility

a,(t,t'; X, k) defined as follows:
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a. (.4 X, k) = min 120 Xekwalenr) (3.5)
pe (X Kw,q,(¢.2)

The Hybrid algorithm begins to sample the paramspeice at the temperatdydy running
the RIMCMC and fixed-dimension MCMC samplers duringerations ( being chosen by the
user), then updates the temperature scheme vi&ithalated Tempering algorithm. This
procedure is repeated until the user estimatesstféitient sampling of the target posterior
distribution has occurred.

3.5 Prior Information

The prior information, as specified in equation® 8nd 3.3, captures both quantitative and
qualitative knowledge that the geologist may havepriori on the modeK. The prior
knowledge is expressed as a probability densitgtian which can be described either by a
totally uninformative uniform density function, @rth more specific prior knowledge like a
Gaussian, Poisson, or indeed any other type ofghibty function. The use of such functions
has a direct impact on the efficiency on the ineessheme, however, because overly precise
prior information, if incorrect, can bias the ins®m process: the full range of possible

solutions may not be properly sampled and the amaiy not converge at all to the solution.

The prior information of thex' value (sl', ss and w' respectively for the relative sea level,
sediment supply and fair-weather wave height pararsewill be distributed between a user

defined global minimunx_, and a global maximumx,, in all the presented applications. The

choice of the prior distributiop(x'), comprised within this interval, will depend oneth

application presented in the following chapters.

The prior information of the position of the coordinates of thek X'points is set to be

uniform ont,, .t ] with t* <t? <_..<t*. For numerical reasons, we set fixéd=t, and

t“ =t . It is then assumed priori that the time positions are drawn as the orddistta
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from a uniform distribution on the forward simuaii time interval (t,,,t,...). The joint

min 7 *max

distribution pft*,...t) is defined as:

2k+1

p(th,t%...t%) = 2k +1)! t (5(t“l- th) (3.6)

max min

This joint density provides a gentle preferenceiresjawo changes occurring too closely in

succession (Green, 2001).

The prior information on the number of dimensidasis set to be uniform betwedq,, and

K. Chosera priori by the geologists. The prior density lois defined as follows:

P = — (3.7)

max min

3.6 Likelihood Function

The likelihood function calculates the probabilitfiobtaining the dat® . given the modeX

obs

by quantifying the difference between the obsemtath D . and the simulated daify,,. As

mentioned in chapter 2, | modified BARSIM to extraonulated data which can be compared
with available observed data. These simulated edtacted from the numerical BARSIM grid
comprise specific 1D vertical successions with eiséed ages, comparable to well data, and
2D thickness curves for specific stratigraphic rivads, comparable to isopach maps derived
from seismic and/or well data.

For practical numerical reasons, we use the logliikod function, because maximising the
log-likelihood function is the same as maximisihg tikelihood function (or probability). The
log-likelihood function is defined algebraically.as
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L= Lth + Lt + Lgs + Lfs (38)

wherel represents the total log-likelihood amd}, L, L, L represent respectively the partial

log-likelihood accounting for the thickness, the &g deposition at the top and bottom of each
wells, the grain-size distribution in each welldahe vertical position of any flooding surfaces
in each well. In the formulation of the total lagdlihood, all the terms are assumed to be
independent. In order to allow for variations ie tlumber of observed data to which the log-

likelihood function is applied, the terms, L, L, have been normalized by the number of

gs?
wells. Also, the vertical coordinates of the sinteth data used to calculate the term

L, L have been normalized to the vertical coordinafethe observed data (Fig. 3.6). This

avoids repeating the thickness mismatch effectdireevaluated in the first term of the total

log-likelihood L, . Equation 3.8 presents the complete formulationth&f log-likelihood

function. This formulation will be adapted to theadable observed data for applications

presented in the following chapters.

Observed well data  Simulated well data Grain-size signals Misfit estimation .
Observed  Simulated —Normalised Key:
T I
1 .
| = I N N I [ misht
[ = . .
£ e e e Grain-size curve:
£ a sttt = LY
= ¢ ! £ — observed
0 ~ 1 a .
Q S i 4 simulated
x
i = (S 2 = simulated
£ r_'l" = £‘i" normalised
1 1
. L L coarse
Grain-size (um) - H
r Normalisation™.._ ! E- Grain-size
R ol i N
Grain-size (um) Grain-size (um) fine

Figure 3.6: Likekihood function design for the sigeaphic inverse problem. This cartoon

illustrates how log-likelihood values are evaluateetween the simulated and observed grain-
size signal at each well. In the first step (Ag #imulated and observed grain-size curves are
extracted from each well. In a second step (B) tlihekness of the simulated grain-size curve
is normalised to the thickness of the observedhgsae curve to avoid repeating the thickness
mismatch effect already evaluated. In the fingb &), the mismatch between the normalised
simulated and observed grain-size curves is evatlaising the least-square distance

criterion.
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In each partial likelihood function, say, we assumed that measurement errors had a normal

distribution with zero mean and were uncorrelatésing this assumption, the log likelihood is

just the well-known least squares criterion techeiqrhis has been used to evaluate the match

between the observed ddig, ; and simulated dat®,,; as follows:
m Dl - Dy .1
_ obsj = “simj .
L= s Tsmoc 2 (3.9)
i=1 Si,j t

wherem represents the number of observed poists,represents the standard deviation for a

given observation,Df)bsj and¢ the temperature.

3.7 Summary

In this chapter, | have presented a formulationdatochastic inversion scheme linked to a
two-dimensional “process-based” forward algorithimatt models shallow-marine wave-
dominated stratigraphy (BARSIM). The inverse methoainbines the Reversible Jump
Markov chain Monte Carlo and Simulated Temperingoathms in a hybrid sampler. The
multi-parameters inversion approach is driven lgydbserved geological data and is designed
to deal with questions of uniqueness, uncertaimy aon-linear interactions. Markov chain
Monte Carlo methods achieve this through an iteeattampling strategy. The inverse
algorithm proposes candidate model parameters (BARSIM environmental input
parameters) by perturbing the current ones, inrotdeun one BARSIM realization. The
match, or fit, between the resulting simulated #redobserved stratigraphy is calculated by the
likelihood function. On the basis of the Metropdiiasting acceptance-rejection criterion
(Metropolis et al., 1953; Hastings1970), combining the calculated likelihood andopri
probabilities, the candidate model is comparechéodurrent model and therefore accepted or

rejected. This loop is repeated until the sampbrigdged representative of the target posterior
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probability distribution. In this way, it is possebto obtain a large number of samples of the
model parameter space, with the distribution o$¢hgamples providing a good approximation

of the underlying target posterior probability dign&unction.
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Chapter 4

4 Validation Tests

Abstract

The stratigraphic inverse technique will be testethis chapter with synthetic data in which
all the parameters are specified to produce aép€rforward simulation, although noise is
added to simulate measurements errors. | will ptesenumber of examples in which relative
sea-level and sediment supply curves will be ief@érfrom synthetic vertical successions of
grain size and synthetic thickness curves extraftech the ‘perfect’ forward simulation.
These examples represent different scenarios tieatd@signed to test the impact of data
distribution, quantity and quality on the uncertgiof the inferred parameters, as well as the
sensitivity of the stratigraphic modelling algoriih to the forcing parameters themselves. The
inverse modelling approach successfully reproduleesgross stratigraphic architectures and
relative sea-level and sediment supply historieshef synthetic forward model simulation,
within the constraints of the modelled data qualiiye relative importance of the forcing
parameters can be evaluated by their sensitivity ipact on the inverted data. Of equal
importance, the inverse results allow complete attarisation of the uncertainties inherent to
the stratigraphic modelling tool and to the datalityy quantity and distribution. These tests
also address convergence and computational-oveibsads and highlight the robustness of
the inverse scheme, which successfully deals with groblem of non-uniqueness of the
solution of the inverse problem. The work preseritedhis chapter is partly published in
Charvin et al. (2008a, b).
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4.1 Introduction

In order to validate the inversion scheme, | cosrgd several synthetic cases, created by
BARSIM forward simulations in which all the input\eronmental parameters are completely
specified. In this chapter, | will present the ileswf tests realised on one of these synthetic
cases to provide validation of the method and #las discussion of the inverse algorithm
efficiency. For these tests, only the relative lse@ and sediment supply parameters will be
inferred from synthetic vertical successions ofirgisize (e.g. wells) and synthetic thickness
curves (e.g. seismically derived isopachs) extthci®m the ‘perfect’ forward model

realisation.

Analysis of the literature shows that Lessenger i&sS (1996), Cross & Lessenger (1999),
Bornholdtet al. (1999) and Wijnset al (2004) conducted the first tests of their nunaric
schemes using near-perfect datasets that affordesually extensive coverage of the study
area by cross-sections and wells. Consequentlyhanexamples presented, | will consider
different scenarios designed to test the impactad distribution, quantity and quality on the
uncertainty of the inferred parameters, as wethassensitivity of the stratigraphic modelling

algorithm to the forcing parameters themselves.

This chapter is structured as follows. | will flistiescribe the numerical synthetic data, then |
will secondly present and explain the output of itheerse numerical scheme. Thirdly, | will
consider the different scenarios relative to ttieremce synthetic data set in order to assess the
sensitivity of the inference of environmental paedens (e.g. relative sea level and sediment
supply) and facies architecture prediction (e.girgsize and bed-thickness trends) to different
measurement errors and observed data locationsuanders. | will conclude with a discussion

on computational performance and with suggestionsybplications to real datasets.
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4.2 Validation Tests on Predefined Synthetic Data, Infieence of the Relative

Sea Level and Sediment Supply Curves.

4.2.1 Reference Forward Model and Synthetic Data Present@an

The synthetic reference model consists of two afgjranally stacked shallow marine

sandstone tongues (Fig. 4.1A), each deposited glaimelative sea level fall of 3 m. The

sandstone tongues are separated by a floodingeudfemed during a short period of sea-level
rise of 30 m (Fig. 4.1B).
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Figure 4.1: BARSIM forward realisation used as athgtic case to test the inversion scheme.

(A) Cross-section resulting from the forward modeh rshowing the two stacked shallow

60



Inverse and Forward Modelling of Stratigraphy

marine sandstone tongues, their internal stratidgmgparchitecture and grain-size distribution,
and the position of data extracted in order theeiithe relative sea level and sediment supply
curves (Fig. 6). B) Relative sea level andC) sediment supply curves used to create this
synthetic model. These curves constitute the tadigtribution for subsequent inverse

modelling.

Sedimentation has been simulated over a period@0d years with a minimum recurrence
period of 25 years for major storm events (e.g.immah timestep). Sediment supply, added by
longshore currents, is equal to 7/yn during the first 25,000 years and increasesdhapo
reach a constant value of 26/gm until the end of the simulation (Fig. 6C). Therizontal grid

comprises 250 cells of 150 m width. The total thiegs of simulated strata is around 50 m.

4.2.2 Test Scenarios for Inversion

Vertical successions (wells) and thickness curfespecific stratigraphic intervals between the
wells were extracted from the BARSIM synthetic mioaied used as geological data to infer
the relative sea level and sediment supply chaiatts. Gaussian random noise has been
added to the synthetic data in order to simulatasmeement errors. Five different scenarios
are presented in this chapter (Fig.4.2). In theguted scenarios (A-E), all of the synthetic data

have been extracted from the same reference model.

Scenario A (Fig. 4.2A) is the reference scenariovimich the values extracted effectively
represent perfect data. Here, the data, comprsigxtracted wells and one thickness curve,
cover the full extent of the stratigraphic crosstisen and were assigned small measurement
errors of 5%. Thus, they provide excellent datatrmbnwith which to constrain the inversion

process.
In scenario B (Fig. 4.2B), the aim was to testithpact of bigger measurement errors on the

inferred results. Consequently, | use the samesdatas scenario A, but added Gaussian

synthetic noise of 10% (twice as large as scermgxio
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Scenario A 6 wells and 1 thickness curve covering the whole section

Normal measurement error (5%)
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Figure 4.2: Scenarios investigated in order to tb&t impact of observed data quantity, quality

and distribution on the stratigraphic inverse prebil. A) The fullest dataset, comprising 6
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wells and 1 thickness curve, which covers theefiient of the stratigraphic cross-section and
contains low measurement errors (5%8) The same dataset as id)(has been extracted but
larger measurement errors (10%) have been addeép Oply 3 wells and 1 thickness curve,
with low measurement errors (5%), have extractesssthe full extent of the cross-section.
(D) 3 wells and 1 thickness curve, with low measurgneerors (5%), have been extracted
from the landward part of the cross-sectiok) (3 wells and 1 thickness curve, with low

measurement errors (5%), have been extracted fnenséaward part of the cross-section.

Scenario C (Fig. 4.2C) aims to test the impactaihdjuantity on the stratigraphic inversion.
For that purpose, only three wells and one thickmeesve, which cover the full extent of the

stratigraphic cross-section, have been extracted the synthetic model.

Scenario D (Fig. 4.2D) and scenario E (Fig. 4.2&)ehbeen designed to test the impact of
observed data (e.g. well location) distributiontba inference of sediment-supply and relative
sea-level parameters. Only three synthetic weltk @me thickness curve have been extracted
from the landward part of the synthetic cross-sector scenario D and from the seaward part

for scenario E.

For scenarios C, D and E, the same noise levaedaasmso A (5%) were used. In this approach,
| therefore assume that BARSIM is a perfect sinoulaind so minimise the impact of forward

modelling errors on performance of the inverse sehe

4.3 Inverse Algorithm Configuration

The five extracted synthetic datasets (scenaridS,Axave been input as observed data in the
stratigraphic inversion scheme, in order to rure fimversion processes (Fig. 4.3). The
inversion of the specific parameters for all rursrevidentical: the initial random model was
the same for every scenario, the Hybrid samplense wen for 65,000 forward simulations

each, the prior distributions for relative sea-lemed sediment-supply for each scenario (prior
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information) were specified to be uniforanpriori between Om and 40m, and betweerf/gm
and 40rfly, respectively. For both of these variables, tmember Sll:{t‘,sli} and
ss :{t‘,sé}points were allowed to vary uniformly between 2 a2@. Three levels of
temperaturet :{l2,3} and their corresponding weights have been set deroto achieve
effective sampling with simulated tempering. Thwice of the temperature levels and their
respective normalising weights has been carried aritrarily by testing different
combinations and selecting the one achieving tret tBmperature sampling. An automatic

method to estimate the normalising weights has Ipeeposed by Kerler & Rehberg (1994),

but it was not applied here for computational oeachreasons.

Propose candidate forward
model parameters for the

current parameter: ENVIRONMENTAL PARAMETERS
(Forward model input parameters)
Relative sea level
Sediment supply
MARKOV CHAIN MONTE CARLO BARSIM
METHODS
(Stratigraphic forward
Inverse algorithm algorithm)
(inv gorithm) Accept/reject the candidate
forward model parameters
I SIMULATED STRATIGRAPHY
LIKELIHOOD FUNCTION (Forward model output) Simulate stratigraphy

A
Evaluate the match between

simulated and observed data: OBSERVED STRATIGRAPHY

- Vertical grain-size successions (And measurement errors)
- Depositional time
- Vertical position of the flooding surface

; ; - Thickness curve

INFERRED ENVIRONMENTAL PARAMETERS AND THEIR UNCERTAINTIES FROM THE COLD TEMPERATURE SAMPLES

(output Markov chains)

Figure 4.3: Simplified workflow diagram illustraginthe inverse method. The inverse scheme
has to infer the relative sea level and sedimergpbu parameters from synthetic data
comprising information about vertical grain-size csassions, depositional time, vertical

position of the flooding surface and thickness.
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4.4 Results

In this part, | will first illustrate and explairolwv the sampling evolves throughout the inversion
process with the output of scenario A presenteanasxample. | will then show the results for

the posterior distributions of the inferred paraenefor scenarios A to E.

4.4.1 Stratigraphic Inversion Evolution through the Sampling Process

Figure 4.4 illustrates the evolution of the logelikood values (i.e. a measure of the agreement
between simulated and “real” synthetic data) dutimg sampling process, as well as three
selected models illustrating how the inverse schewndved. The three selected models are the
first (randomly chosen), intermediate and besBARSIM models. A low log-likelihood value
(i.e. large negative number in Fig. 4.4) means poatch between simulated and “real” data,
while the maximum possible log-likelihood value yafjto zero in Fig. 4.4) means that the

simulated and “real” data are identical.

From the first randomly generated model, the I&gHihood values increase exponentially: the
sampling scheme proposes intermediate models tba progressively better fit to the “real”
data. This period of exploration of the model pagtan space, which aims to converge to the
solution areas, is called the burn-in period. lis tase, around 30,000 samples (i.e. 30,000
BARSIM forward iterations), almost half of the sdegpgenerated, were required to achieve
convergence and then had to be discarded for asalf/she inferred model parameters. This
example illustrates the issue of convergence mapacting directly on computational costs. A
decrease in the convergence rate, by adding mooe kmowledge and by beginning the
sampling process close to the solution area, grekitreases the computational overhead.
However, prior knowledge should not be too restctin order to consider the full range of

solutions of the inverse problem.
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Figure 4.4: Evolution of the log-likelihood valuee( match between simulated and “real”

data) during the sampling process (blue curve).e Tigure also shows some selected models
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(A: first random,B: intermediate andC: best-fit models) to illustrate how the inversiewvolves
during the sampling. The length of the burn-in pdr{convergence to the solution) represents
about 30,000 Markov chain steps (i.e. 30,000 gfraphic forward model iterations).

Once convergence is achieved, the log-likelihoddesremain more or less stationary, with
values varying between -25 and -4 in an acceptablener. The numerical values themselves
have little intrinsic interest, and clearly will glend on how the likelihood function was
designed. The analysis of the best-fit BARSIM mageth the lowest log-likelihood value in
Fig. 4.4 C) shows that it is similar to the BARSByInthetic model (Fig. 4.1) from which the
“observed real” data (Fig. 4.2A) have been exticléis confirms that, during this relatively
stationary period of low log-likelihood values, takgorithm is sampling the critical solution
area of the inverse problem. Only these post-barsamples should be used to infer the
posterior probability distribution of the sedimestupply and relative sea-level model

parameters.

4.4.2 Impact of the Simulated Tempering Sampler on the Imersion Process

Depending on the nature of the prior and proposstilutions in the acceptance criterion
(Equ. 3.4), MCMC methods will generally accept eetdlata-fitting (i.e. higher likelihood)
models. This leads the inversion procedure to amevéo good models. However, it also
accepts what are considered worse models (Fig.. 44)s is required to achieve a
representative approximation of the probabilitytrdhsition of the model parameters. By
varying the temperature levels, the Simulated Temgealgorithm allows the acceptance of
even poorer data-fitting models (Fig. 4.5). Thisi firstly, to avoid the algorithm becoming
“stuck” in local minima, and to focus on potentyalhigher probability areas when the
temperature is again decreased. Secondly, it titeit the exploration o&(priori unknown)
multi-modal posterior probability distribution, vdh allows the algorithm to sample the full

range of possible solutions to the inverse problem.
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Although, there are clear advantages of using suntbust technigque, Simulated Tempering
results in the inversion process having a consideiaigher computational overhead. In fact,
because only the results from the “cold” distribatare used, the number of samples available
is roughly inversely proportional to the numbertemperature levels chosenpriori (Fig.
4.5B). The computational time required for efficisampling then becomes proportional to the

number of temperature levels.

All the results presented in the subsequent pashgrbave been determined only with samples
from the “cold” distribution, after having discadi¢he burn-in samples. Once selected, the
sampled coordinate vectors have been used to atdciile posterior probability distributions
of the respective curves. From these distributidhs, mean inverted curves and the 95%
Bayesian credible interval have been calculated usetl as statistical estimators. Although
credible intervals are often numerically equivalemthe more common confidence intervals,
they are philosophically different. The 95% Bayasiaedible interval represents the region in
which there is a probability of 0.95 of attainifgettrue parameter value (Bernardo & Smith,
1994).
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Figure 4.5: Impact of the Simulated Tempering dampn the log-likelihood evolution. By

varying the temperature levels, the Simulated Temgelgorithm allows the acceptance of
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even poorer data-fitting models avoiding the algun becoming “stuck” in local minima and

focusing on potentially higher probability areasemhthe temperature is again decreased.

4.4.3 Scenario A

4.4.3.1 Posterior Distribution of the Relative Sea Levehu

Figures 4.6A and 4.6B show that the numibef Sl points needed to parameterize the relative
sea level curve converges toward four, which isathginal number of points used to create the
input curve (Fig. 4.1B). Figure 4.6A also illustatthat the coordinates of the sampled points
tend to be situated around the inflexion area efréal relative sea-level curve, where there is a
change from sea-level fall to sea-level rise, cewersa. It is important to appreciate that the
number of pointk depends not only on the shape of the curve bataisthe spread of the

target distribution. A large spread in sample lmee, for example, will lead to a smaller

number of dimensions by losing the low-amplitudghkHrequency signal of the curve.

Figure 4.7A shows the comparison between the mdeposterior probability distribution and
the “real” input relative sea-level curve. It i®at that the high probability area, mapped from
the sampling, matches the original relative seatleurve well. The spread of the Bayesian
credible interval is relatively narrow (x5m). Hovesythis spread tends to be larger (£5m vs.
+2m) at the end of each relative sea-level fapeeglly the most recent one. This trend can be
explained by the lack of constraint offered by #wailable well data. During the period of
highest relative sea level (at c. 25,000 yearsiratilated time), all the wells record active
sedimentation and provide useful information fag thversion. In contrast, during periods of
relative sea-level fall, the sedimentary systemratés seaward such that fewer wells record
active sedimentation and, consequently, less irdtion is available to constrain the inversion.
These results also imply that the inferred relasea level curve is considerably less well
constrained during the relative sea level rise thaing periods of relative sea-level fall. This
observation is explained in this case study bysttegcity of transgressive deposits preserved in

the available well data.
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Figure 4.6: Posterior probability distribution ohé vectors of coordinates parameterising the
relative sea-level (A,B) and sediment supply (GcDyves. A) The sampled points tend to
cluster around the positions where the input relatea-level curve (dark line) changes from a
rising to falling gradient, or vice versaB) The histogram shows the posterior probability
distribution of the number of points (i.e. dimemsiprequired to characterise the relative-sea-
level curve. This distribution is centred on théueafour. C) Posterior probability distribution

of the vectors of coordinates parameterising trdrsent supply curve. The sampled points are
distributed widely around the input sediment-supplyve (dark line). D) The histogram
shows the posterior probability distribution of thember of dimensions (i.e. points) required
to characterise the sediment-supply curve. Theildigion is wider than that for the relative

sea-level curveR), and the most likely number of points is five.
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4.4.3.2 Posterior Distribution of the Sediment Supply Curve

The results of the inferred sediment supply curve @more complex than those of the
corresponding relative sea level curve. Figure<4afid 4.6D show that the numblerof
SSpoints needed to parameterize the curve do notergavo four as used to define the true
input sediment supply curve (Fig. 4.1C), but amasad at values ranging from four to seven,
with five being the most likely value. In contrastthe relative sea-level curve, the positions of
the sampled points are more widely and erraticdistributed. They do not cluster in an
obvious way around the positions where there aa@gés in the input sediment-supply curve.
Figure 4.7B compares the inferred posterior prditgtaistribution and the “real” input data.
The inferred target distribution shows the sameeo magnitude as the real data and its
shape follows roughly the shape of the real cudevever, the mean (Fig. 4.7B) curves do not
match the “real” synthetic curve particularly wefid, compared to the inversion of the relative
sea level parameters, the spread of the 95% Bayessgible interval is large (+10-15%y).

In this case, the inversion scheme is able to d#tecchange in the sediment supply regime

but is unable to quantify this change reliably.

Scenario A
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Figure 4.7: Posterior probability distributions dfA) relative sea-level and (B) sediment-
supply curves obtained for scenario A. The darktinaous line in each graph is the input

curve, the dashed line is the mean inverted cuavel the light grey curves represent the
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boundaries of the 95% credible interval. The baokmd shading represents the posterior
probability distribution (dark means high probabyl. Uncertainty tends to be greater at the
end of each relative sea-level fall and is everh&igduring the period of relative sea-level

rise.

For this case-study, the results presented abaleate that relative sea-level has a stronger
impact on stratigraphic architecture than sedimenpply, because the stratigraphic
architecture is more sensitive to changes in redagea-level than in sediment supply. Because
of the large uncertainty in the inferred sedimearggy curve (Fig. 4.7B), there is no strong
relationship between this parameter and major danmn stratigraphic architecture.
Consequently, the model is then less sensitivedoreent supply than to relative sea level, and

so the former parameter is harder to extract uhyguem the observed data.

4.4.3.3 Prediction of Grain-Size and Bed Thickness Distiidiuon Cross-Section

From the posterior probability distributions of thelative sea-level and sediment-supply
parameters, grain size and bed thickness can biicf@@ along a stratigraphic cross-section by
running a BARSIM forward simulation that is condited to an extracted set of inverted
relative sea-level and sediment-flux parametersvdl@ate the numerical scheme, the best
inverted curves have been used to create a sieglsation of a BARSIM cross-section (Fig.

4.8), which can be compared with the input syntheiodel (Figs. 4.1A, 4.8).

The gross stratigraphic architecture of two stadtemllow marine sandstone tongues separated
by a flooding surface is successfully recreatedvéier, the total grain-size distribution of the
inverted cross-section (Figs. 4.8B, 4.8C) is slighbarser than that of the original BARSIM
cross-section (Figs. 4.1A, 4.8A, 4.8C). Two oth#fecences between the two cross-sections
are also noted. Firstly, transgressive depositslayhtly thicker and more laterally extensive,
implying a higher degree of preservation, in thetbeverted cross-section (Fig. 4.8B). The
second main difference is related to the stratigiaprchitecture of the seaward pinch-outs of
the two tongues, which occur in a more landwardtiposin the best inverted cross-section
(Fig 4.8B).
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BARSIM cross-section, for scenario A. The invededs-section is constructed from the best
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inferred sediment-supply and relative sea-leveliesr The gross stratigraphic architectures in
both cross-sections are similar, but differencesundn the thickness and lateral distribution
of trangressive deposits and in the position ofsis@ward pinch-out of each regressive tongue.
(C) Comparison between input data (left) and mewameited data (right) for each well (Fig.
4.2A). The inverse method is able to recreate tagsize and thickness trends in each well,

and the location of flooding surfaces.

This discrepancy is accounted for by the slightghbr value of relative sea level at the end of
each period of regression in the inverted modekt(&0,000 and 50,000 years of simulated
time; Fig. 4.4C), which forced regression into mdendward locations than in the

corresponding initial model.

The grain-size distribution is then predicted adouy to the geological processes active within
wave-dominated systems and conditioned to inpu dahigh-resolution, intra-parasequence
scales (Hampson & Storms, 2003; Storms & Hamps005R Grain-size distribution controls

porosity and permeability (Beard & Weyl, 1973), d@hd prediction of these rock properties in
inter-well volumes is a principal application of m@ntional geostatistical techniques in
petroleum reservoir characterisation, but highdtggm heterogeneities are generally not
incorporated into these approaches. Predictionngémainty in grain-size and bed-thickness
distributions is therefore also a key feature itrigdeum reservoir characterisation and reservoir

simulation studies, which often require multiplaelrgations for flow models.

These distributions can be evaluated by extracsiengeral relative sea level and sediment
supply curves from posterior distribution in order run multiple BARSIM realisations. In
principle, various models could be considered,eeittirectly from the MCMC samples, or
from the posterior distributions. Figure 4.9B shawws BARSIM realisation calibrated by the
mean inverted curves. Figures 4.9C and 4.9D shavttfo most extreme stratigraphic
architectures contained in the 95% Bayesian crediblerval envelope, and the figures
correspond to the models created respectively byléower and upper boundaries of the
Bayesian credible interval of the sediment flux aethtive sea-level distributions. In both
cases, the two aggradationally stacked sandstongués are recreated. However, in

comparison to the input model (Fig. 4.9A), the twmss-sections present significant
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differences in (1) the global grain-size distrilbus, including the volume of sand, (2) the
down-dip extent and thickness of each progradatisaadbody and (3) the stratigraphic
architecture of transgressive deposits. It is ingdrto note that these models have a low
probability of existence. They were calculated frthra tails of the posterior distributions and

do not represent individuals models obtained didxnt the inverse algorithm.

Figure 4.9: Facies distribution assessment for secen A. Comparison betweerA) the
original BARSIM cross-sectionB) the inverted BARSIM cross-section constructedhftbe
mean inferred sediment-supply and relative-sealleveves, C) the inverted BARSIM cross-

section constructed from the lower boundary of Baye credible interval of the sediment-
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supply and relative sea-level posterior distribugoand D) the inverted BARSIM cross-
section constructed from the upper boundary of Bayecredible interval of the sediment-
supply and relative sea-level posterior distribugso The gross stratigraphic architectures in
all cross-sections are similar, but differenceswcio the volume of sand, the position of the
seaward pinch-out of each regressive tongue, amdthickness and lateral distribution of

transgressive deposits.

4.4.4 ScenarioB

The results of scenario B (Fig. 4.2B) are inferirean the same observed dataset as scenario

A, but with synthetic measurement errors thatareetas large.

4.4.4.1 Posterior Distributions of the Relative Sea Level

The high probability area of the relative sea-lepekterior distribution, mapped from the
sampling, matches the original relative sea-level/e (Fig. 4.10A). As expected intuitively,
the spread of the 95% Bayesian credible intervaligger than in scenario A (z5m to £10m).
However, there is no simple quantitative relatiopdtetween measurement errors and errors
inferred for relative sea level parameters. As asequence of the increased uncertainty, the
mean relative sea-level inverted curve containfwaes rise than the corresponding original

curve or that inferred for scenario A.

4.4.4.2 Posterior Distribution of the Sediment Supply Curve

The spread in the posterior probability distribotaf the sediment supply curve (Fig.4.10B) is
also greater (#8m to £20m). It is now difficultrecognize the shape of the original curve from
the sampled posterior probability distribution. @tigcation of the sediment supply regime

with low uncertainty also becomes harder.
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Figure 4.10: Posterior probability distributions ¢A) relative sea-level and (B) sediment-
supply curves obtained for scenario B. The darkinaous line is the input curve, the dashed
line is the mean inverted curve, and the light greywes represent the boundaries of the 95%
credible interval. The background shading represethie posterior probability distribution

(dark means high probability). Uncertainty is greathan in scenario A (Fig. 4.7).

Larger measurement errors on observed data incressertainty on the inferred
environmental parameters by decreasing the sehgitof the predictions to the model
parameters. As a consequence, the low-amplitudb;fhequency signals of the curves tend to
not be sampled. This reflects the natural tenderidhe Bayesian approach to prefer simple

models over complex ones, if the data do not ygtié increased complexity.

445 Scenario C

Scenario C was run to test the impact of the gtyaotiobserved well data on the stratigraphic
inversion in the case where the dataset still ®tee entire stratigraphic cross-section (Fig.
4.2C).
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4.4 5.1 Posterior Distribution of the Relative Sea Levehu

The result of the inverted relative sea-level mgt¢Fig. 4.11A) provides a close, well-
constrained match to the original relative sealleweve despite using a smaller number of
observed wells than in scenario A. The Bayesiadile interval shows a relatively narrow
spread (from £2m to £5m) over most of the relasea-level curve, but is wider (£10m) for
the earliest part of the first relative sea-leadl ffrom O to 10,000 yrs of simulated time). This
can be explained by the lack of well data in thell@ard part of the oldest sandstone tongues,
which corresponds to the geographical area wheredhliest phase of sedimentation occurred
(Figs. 4.11A. and 4.2C). The earliest part of teeosd relative sea-level fall (from 25,000 to
30,000 yrs of simulated time, Fig. 4.11A) has lesgertainty, because of the constraint
provided by the most landward well (Fig. 4.2C), ethicontains the earliest deposits of the

second tongue.

4.4.5.2 Posterior Distribution of the Sediment Supply Curve

The results of the inferred sediment supply cuifsg.(4.11B) are similar to the results for
scenario A (Fig. 4.7B): the area of high probapilias the same shape and the same spread.
However, the uncertainty is bigger (up to +Zfyn) for the first 10,000 years of simulated time

because of the lack of well-data containing comwesing deposits.

These results show that the number of observedsviglinot crucial in constraining the
stratigraphic inversion, as long as they captureepresentative cross-section of the
stratigraphic architecture. However, these resaltte show that observed data distribution has
an impact on the quality of inversion, becausddhation of well data is closely related to the

time interval(s) that they record.
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Figure 4.11: Posterior probability distributions dA) relative sea-level and (B) sediment-
supply curves obtained for scenario C. The darkiocaous line is the input curve, the dashed
line is the mean inverted curve, and the light greywes represent the boundaries of the 95%
credible interval. The background shading represethie posterior probability distribution
(dark means high probability). The distribution®aimilar to scenario A (Fig. 4.7), and only
the first 10,000 years of simulated time exhibrsager uncertainty.

4.4.6 ScenarioD

Scenario D has been designed to test the impaabsdrved data location in the case where
they are situated only in the landward stratigraphthe cross-section (Fig. 4.2D) and where
no significant prior information was available tonstrain the seaward deposits. Figure 4.12
illustrates the posterior probability distributiari the relative sea-level (Fig. 4.12 A) and
sediment-supply (Fig. 4.12 B) curves. Both of thmpled distributions display very different
patterns to those that result when observed dateriog the full extent of the stratigraphic

cross-section (scenarios A-C; Figs. 4.7, 4.10,)4.11
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Figure 4.12: Posterior probability distributions A) relative sea-level and (B) sediment-
supply curves obtained for scenario D. The darktiiomous line is the input curve, the dashed
line is the mean inverted curve, and the light greywes represent the boundaries of the 95%
credible interval. The background shading represethie posterior probability distribution
(dark means high probability). The distributionsearery different to those for scenario A, B
and C (Figs. 4.7, 4.10, 4.11), and result from1thiging of several local-solution distributions.

For scenario D, the solution of the stratigraphnvérse problem is not unique.

4.4.6.1 Posterior Distribution of the Relative Sea Levehu

The results of the inverted relative sea-level euffvig. 4.12A) do not provide a close match
with the original relative sea-level history. Intaié the mean inverted curve fits poorly to the
original parameters. The spread of the 95% Bayesiadible interval is wide and its shape
does not follow the shape of the original curves #mplitude of the credible interval is about
+35m for the first 30,000 years of simulated tinne @ecreases to about £20m until the end of

the simulation.
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Given these reservations, the areas of high prityafglarker areas in Fig. 4.12A) within the
Bayesian credible interval show three interestiegtdres. Firstly, from 0 to 25,000 years of
simulated time, the posterior probability distriout shows an area of high probability
following the original relative sea-level curvee(i.low values of relative sea-level). The
probabilities in this area decrease (the area besdighter in Fig. 4.12A) and its spread
increases with increasing time. Secondly, from @8, 50,000 years of simulated time, the
posterior probability distribution contains anotlaea of high probability, corresponding to
high values of relative sea level. This area israstricted to the period of time between 25,000
and 50,000 years of simulated time, but also esdmack to 10,000 years, although the
probability decreases (the area becomes lightéfign 10A) for progressively earlier times.
Thirdly, the posterior probability distribution shie several narrow areas of higher probability
that are sub-parallel to the rising limb of oridimalative sea-level curve, but that occur

between 2,500 and 30,000 years of simulated time.

The posterior probability distribution of the rélat sea level curve presented in Figure 10A is,
then, the result of a mixing of several distribnio Each of these distributions represents a
local solution of the stratigraphic inverse probléne. different possibilities explaining the
same observed data). This is an example of a nad@insolution space, which the simulated
tempering is specifically designed to sample. Hawveall the local solutions curves have two
parts in common: (1) the low values of relative &ael (7m) between 0 and 5,000 years of
simulated time, and (2) the high values of relatea-level (35m) between 30,000 and 40,000
years. These common components of the local saluioves explain the high probability
areas described above for these time-periods, fsid dorresponding geographical positions
on the stratigraphic cross-sections correspondheoldcation of well data that constrain the
inversion. The multi-modality of the posterior patiility distribution also explains why the
mean inverted curve does not fit the real curves Tantral estimator is really only useful for a
distribution with a single mode. For multimodalgmns, it is possible to use some form of
clustering algorithm in high-dimensional space dentify similar models, and then examine
the predictions from each cluster. Such a method praposed for reservoir simulation by
Ballester & Carter (2004).
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4.4.6.2 Posterior Distribution of the Sediment Supply Curve

The results of the inverted sediment flux histdfig( 4.12B) do not show, again, a match with
the original sediment supply parameters. The spodédbe 95% Bayesian credible interval is
wide (from 15y to 20+nf/y) and the shape of the mean curve does not fatewshape of

the true curve. It is clearly difficult to extraat representative sediment supply history with
confidence from the obtained posterior probabditstribution. In contrast to the relative sea-
level results, this distribution does not exhilddas areas of high probability, although it is also
the result of the mixing of several local solutiombe lack of clear areas of high probability is
consistent with the generally lower sensitivity thie inverse model to sediment-supply

parameters, which results in wide sample distrangtithat lack strong peaks.

4.4.6.3 Prediction of Grain-Size and Bed Thickness Distiidms on Cross-Section

To examine the hypothesis of non-uniqueness ofrerse problem in scenario D, distinct
local solutions have been selected from their r&spe posterior probability distributions.
Relative sea-level and sediment-supply curvesHese local solutions have been used to run
three BARSIM forward simulations, in order to comgpdhe resulting stratigraphic cross-
sections (Figs. 4.13B-D) to the input cross-sect{l®ig. 4.13A). The three cross-sections for

the local solutions show fundamental differencestiatigraphic architecture.

The cross-section for the first local solution (FAgl3B) contains only one sandstone tongue.
The lower part of the cross-section instead corapris transgressive sandbody, which was
deposited during an initial phase of relative saael rise from 0 to 10,000 years of simulated
time. The upper part of the cross-section comprstsack and laterally extensive tongue that

corresponds to a relative sea-level fall from 10,050,000 years.
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The cross-section for the second local solutiorg.(Bi.13C) contains two aggradationally
stacked sandstone tongues, each deposited durelgti@e sea-level fall. The two tongues are
separated by a flooding surface and a thin, uniherlyransgressive sandbody that record
deposition during a relative sea-level rise. Despig gross similarity to the input model (Fig.

4.13A), the stratigraphic architecture of the selctmctal solution contains differences in the
thickness and extent of the two shallow-marine semmeéé tongues, which reflect a relatively

high inferred sediment-supply regime.

The cross-section for the third local solution (Mgl3D) also shows two stacked sandstone
tongues separated by a flooding surface, refledtirmgperiods of relative sea-level fall and an

intervening relative sea-level rise. The two torgwee retrogradationally stacked, which

reflects high sediment supply during the first 28,§ears of simulated time and low sediment
supply during the last 25,000 years, relative ®itiput sediment-supply curve (Fig. 4.13A).

Despite the differences described above, the @esisens for the three local solutions all
contain two aggradationally stacked sandbodiesragghby an interval of shale in the area
constrained by the observed data (Fig. 4.13). dbgervation confirms the non-uniqueness of
this stratigrahic inverse problem, because allgls@utions explain the observed stratigraphic
data. This example shows that apparent uniquemessratigraphy clearly does not imply
uniqueness of solution of the stratigraphic invgysgblem. In this case, the non-uniqueness of
the inverse problem is due to the lack of constsasoming from the particular locations of the
observations, and the non-linearity of the problémaddition, the example shows that the
inversion procedure can be feasibly applied tdigtagphy, even in the case of non-uniqueness,
if an appropriate inverse method is used. Scerarialso validates the robustness of our
Hybrid sampler: all the possible solutions of theerse problem have been sampled, and the

algorithm did not become “stuck” in a local minimum

It is important to appreciate that the inversetigiraphic algorithm in general will not be able
to predict uniquely the true solution (in this ca$e stratigraphy occurring in the seaward part
of the cross-section), particularly without datactmstrain it. | believe, however, that it is a

powerful tool to assess the full range of possiatigraphic architectures for a given dataset.
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Figure 4.13: Facies distribution assessment fornse® D. Comparison betweerA) the
original BARSIM cross-section an@&,(C, D) three BARSIM cross-sections constructed from
local solutions of the relative sea-level and seditrsupply curves. The relative sea-level and
sediment-supply curves for each local solution laighlighted in red for the corresponding
cross-sections. The gross stratigraphic architeesufor each of these local solutions are very

different, but contain similar vertical successiansthe areas constrained by observed well

data.

84



Inverse and Forward Modelling of Stratigraphy

4.47 Scenario E

Scenario E has been designed to test the impaitisefrved data distribution in the case where
they are situated in the seaward part of the csestion (Fig. 4.2E) and where no significant

prior information has been specified to constrhmlandward stratigraphy of the cross-section.
Figure 4.14 illustrates the results for the posteprobability distributions of the relative sea-

level (Fig. 4.14A) and sediment-supply (Fig. 4.14B)ves. Both of the posterior distributions

sampled exhibit different patterns to those fomsei®s A, B, C and D (Figs. 4.7, 4.10, 4.11,

4.12).

Figure 4.14: Posterior probability distributions ¢A) relative sea-level and (B) sediment-
supply curves obtained for scenario E. The darkinoous line is the input curve, the dashed
line is the mean inverted curve, and the light gcayves represent the boundaries of the 95%
credible interval. The background shading represethie posterior probability distribution
(dark means high probability). The distributionseatifferent to those for scenarios A, B, C
and D (Figs. 4.7, 4.10, 4.11, 4.12), and they m#flenixing of several local-solution
distributions. The solution of the stratigraphic/@rse problem is not unique, but the seaward
position of well data in scenario E implicitly carens the landward stratigraphy and, thus,

limits the range of possible solutions, relativestenario D (Fig. 4.12).
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4.4.7.1 Posterior Distribution of the Relative Sea Levehu

The posterior probability distribution of the relat sea-level curve (Fig. 4.14A) is complex.
The spread of the 95% Bayesian credible intervalige (15 m) for the first 20,000 years of
simulated time and it becomes narrower (x5m) @000 years, similar to the distribution for
scenario A (Fig. 4.2A). The mean inverted curvesdoa provide a close match to the original
relative sea-level curve for the first 20,000 yeafrsimulated time, but it fits relatively well
from 20,000 to 50,000 years.

4.4.7.2 Posterior Distribution of the Sediment Supply Curve

The results for the sediment-supply curve (Fig.#dre similar to the results of the relative
sea-level curve. For the first 15,000 years of &ated time, the spread of the Bayesian
credible interval is wide (up to +20°fw) and the mean inverted curve does not match the
original curve. However, from 15,000 to 50,000 geaf simulated time, the spread of the
posterior probability distribution becomes narrovaed exhibits a similar pattern to the one

obtained in scenario A (Fig. 4.2B), in which inverswas tightly constrained.

As in scenario D, these results illustrate the aoitueness of solutions of the stratigraphic
inverse problem. In this case, the inference of ritlative sea-level and sediment-supply
parameters is well constrained for the last 30,§88rs of simulated time and multiple
acceptable solutions are possible for the firsD@0,years. However, in comparison to scenario
D, the range of possible solutions is smaller efilected in the narrower spread of the Bayesian
credible interval for both relative sea-level arediment-supply curves (Figs.4.12, 4.14). This
narrower range of possible solutions is explaingthle seaward position of the observed data,
which provides an implicit constraint on shallowsma stratigraphy in a landward direction:
different stratigraphic architectures can occulaimdward locations, provided that they do not
greatly impact the seaward stratigraphy, whicloisstrained by the observed data.
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4.4.7.3 Prediction of Grain-Size and Bed Thickness Distiidms on Cross-Section

To examine these hypotheses further, the meanted/eurves and those for one of the local
solutions have been selected from the posteridoginitity distributions and then used to run
two BARSIM forward simulations, in order to compattee resulting stratigraphic cross-
sections (Figs. 4.15B, C) to the original crosgisec(Fig. 4.15A). There are significant

differences between the three cross-sections.

The mean inverted model (Fig. 4.15B) contains tggradationally stacked shallow marine
sandstone tongues, as does the original model 4FigA). However, the lower sandstone
tongue differs in thickness and extent relativethe input model, and thin transgressive

intervals are preserved at both its landward aad/ael pinch-outs.

The local solution model (Fig. 4.15C) also contain® aggradationally stacked shallow
marine sandstone tongues, but the lower one hasnplex internal architecture. The older,
more landward part of the tongue is thick and wiited lateral extent, reflecting deposition
under rising relative sea level and high sedimemply during the first 10,000 years of
simulated time. The younger, more seaward parhefténgue is thin and laterally extensive
with a downstepping, “forced regressive” internadhgtecture that reflects a rapid and abrupt
relative sea-level fall between 10,000 and 15,04y of simulated time. The upper shoreface
tongue overlies a flooding surface that formed riyia relative sea-level rise between 20,000
and 30,000 years of simulated time. Despite the#ferdnces, the mean inverted and local-
solution cross-sections (Figs. 4.15B, C) both dont&o aggradationally stacked sandbodies

separated by an interval of shale in the area @nstl by the observed data.

This last scenario confirms the non-uniqueness®iriverse stratigraphic solution, despite the
greater constraint offered by seaward-lying obstata. Different facies architectures can be
generated during the earliest phase of deposipoayided that the resulting stratigraphy
occurs landward of the observed data. The seawasdign of the observed data indirectly
constrains the maximum amplitude of relative seallend sediment-supply variations. In
order to tightly constrain the inverse problemadsitould be preferentially collected/sampled

(1) in the extremities of the stratigraphic intdrvao that they constrain the maximum
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amplitude of the environmental parameters (e.@tive sea-level and sediment supply), and
(2) in locations where the data capture the maximmoiormation about the history of the
sedimentary system. Once these conditions arefisdiigshen the amount of additional

observed data is likely to become less critical.

Figure 4.15: Facies distribution assessment fornse® E Comparison betweerAj the
original BARSIM cross-section,B) the BARSIM cross-section constructed from the mea
inferred relative sea-level and sediment-supplyesir and €) a BARSIM cross-section
constructed from sediment-supply and relative-seaticurves for a local solution. The gross
stratigraphic architectures differ, but contain itam vertical successions in the areas
constrained by observed well data. The seawardiposif the wells implicitly constrains the

landward stratigraphy, and limits the number oflaoverse solutions.
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4.5 Discussion

The results of the case study outlined above shaw the fully non-linear inverse method
combined with a simple 2D “process-response” fodvanodel can be used to infer
environmental input parameters (in this case, sedinsupply and relative sea level) and
stratigraphic architecture from limited observedadd his synthetic case study validates the
method and suggests that the inverse scheme msucbessfully applied to real datasets, if the
latter are selected with due care for the assumptand simplifications of the underlying
forward stratigraphic model. In fact, the utility stratigraphic inversion is clearly directly
dependant on the ability of the forward model towdate reality. In this chapter, | avoided
these issues and assumed that BARSIM was a psifeatator by creating a “pseudo-reality”

from one BARSIM forward simulation in which all tieput parameters were known.

The major advantages of this approach are thantleese scheme is not only able to recreate
the known solutions of environmental input paramsgtebut can also provide full
characterisation of uncertainty, an assessmenhefodel sensitivity to the environmental
parameters and an assessment of non-uniquenelss imiverse problem by sampling the full
range of possible solutions. Furthermore, the RINDCApproach lets us consider the issue of
model complexity (e.g. the number of free paransatequired to model the data) as part of the

modelling process.

By adopting a Simulated Tempering sampler, the esiskecoming trapped at a local mode of

the posterior distribution is significantly reduced small range of temperatures increases the
risk of the inversion becoming “stuck” at a locabde, while a big range of temperatures

decreases this risk and allows more representaavepling. However, a large number of

temperature levels will increase the computati@aats and a small number will necessarily
increase the temperature difference between lelrelsrder to achieve smooth temperature
transition (i.e. good mixing in the temperature cgg)a the temperatures have to be closely
spaced so as to ensure that the distributions ofalyacent temperature levels have sufficient
overlap. These computational time and mixing issizesbe solved by using a parallel version

of Simulated Tempering proposed by Geyer (1991ec¢&etropolis-Coupled Markov Chain

Monte Carlo (MCMCMC). This algorithm runs severabiMov chains, with their respective
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temperatures corresponding to the number of nodasable on the computer cluster (one
chain per node). Mixing between different tempeamtievels is carried out by proposing a
switch of the model parameters between chains fiérednt temperatures after every

iterations and by accepting (or rejecting) eaclppsal according to the Metropolis rule.

The length of the burn-in period also imposes apaational cost. It is clear that geological
prior information is crucial in term of computatedncost and inversion quality. In the case
study outlined above, prior knowledge was set tonbemal, in order to push the method to its
limit, and the first model (i.e. the first steptbé Markov chain) was far from the solution area.
By defining more prescriptive prior knowledge,stpossible to considerably shorten the burn-
in period and to increase the sampling efficierasythe size of the model space is effectively
reduced. However, prior knowledge that is too piptee and incorrect can lead the inversion

process to sample only partially or not at allhe torrect solution area of the model space.

The used of RIMCMC samplers has proved to be effidn terms of computational costs.
This trans-dimensional approach allows the modeloghissue to be solved efficiently where
the number of dimensions is unknown. Because thgedian approach is naturally
parsimonious, the inverse scheme will prefer simpteodels, focussing the number of
parameters towards the minimum acceptable valuwkirereby reducing computational costs.
As shown by Sambridget al. (2006), it is possible to run a sequence of figguensional
MCMC models, and then sample their results. Thisr@gch yields results equivalent to the
RJIMCMC approach but requires more computationalreff

Some other important features emerge from the teeguksented here. Firstly, the inverse
method is able to reproduce the sediment supply retative sea-level curves from the

observed data and provides a direct assessmemiceftainty on these curves. Secondly, the
validation tests presented here shows that thasavaethod allows the evaluation of model
sensitivity to the various environmental input paeders. For example, in this case study,
relative sea-level has a stronger impact on stegilyc architecture than sediment supply, and
its signal was then easier to extract from the nfeskdata, with the result that its posterior
probability distribution was tightly constrainedntértainty in facies architecture (e.g. grain-
size and bed-thickness distributions) can also gygoamched by sampling different models
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from the Bayesian credible interval. The numeregleriments demonstrate that uncertainties
in the inferred results are directly dependent fosn hagnitude of measurement errors of the
observed data. However, there is no linear relakignlinking measurement-error magnitude
and resulting uncertainty. High-frequency, low-amople signals tend not to be sampled if
measurement errors are large; as a result, théygaat precision of the inferred parameters

are also directly linked to the quality of the implata, as might be expected intuitively.

By testing different scenarios of data distributigonantity and quality, our inverse scheme is
proved to be robust in dealing with complex multaal posterior probability distributions
(i.e. in dealing with non-unique solutions of tim@erse problem), in contrast to previous work
(Cross & Lessenger, 1999; Bornho&ttal, 1999; Wijnset al, 2004). Furthermore, these tests
demonstrate that the solution of the inverse prabfeay not be unique, even though the
investigated stratigraphy may be the result of @us combination of processes and
parameters. The non-uniqueness of the inverse gnolelan result from differences in data
quality, quantity and, most importantly, distribari Observed data distribution is shown to be
crucial to the quality of the inversion. In sceonarivhere data are clustered in only part of the
geographical domain (e.g. scenarios D and E abawaliple local solutions of the inverse
problem are possible. However, the ranges of plessdiutions of the inverse problems differ,
reflecting constraints that are implicit in the dion of the input data. For example, in the
wave-dominated systems studied above, seawarcetbasta (scenario E) provide a tighter
constraint on the maximum amplitude of relative-lse@l and sediment-supply variations, and
resulting facies architectures, than landward-kdatata (scenario D). It is also clear that the
use of prior knowledge about relative sea-level sadiment-supply parameters can provide
important additional constraints on the inversioagess, by reducing the number of possible
local solutions (e.g. the upper and lower limitg@ative sea level and sediment supply values
are constrained between 0-40 m and O-&ymrespectively, in scenarios A-E). However,
once again, prior knowledge should be carefullyseimy because it limits sampling of the
posterior distribution in our inversion schemethé assumed level of prior knowledge is too
restrictive, or if the prior knowledge is inappr@te, then this limits the range of inverse
solutions that can be recovered from the input:dduas, a sound knowledge of geological

processes is needed to maximise the efficienclyeirtversion process.
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The validation tests described above also emphtsselata quantity is not the most important
criterion in constraining stratigraphic inversigmovided that the available data capture as
much information as possible about the complexitgl &istory of the depositional system

under investigation. Such information about compyels necessary, because the Bayesian
approach is naturally parsimonious (Malinverno, 208nd tends to produce simpler inverse
solutions that fit only the available data. Thistla@oint represents the main limitation of our
inversion method, and requires that input data lehdwe selected carefully in order to

incorporate the level of complexity (or heterogéy)aiequired in the inverse solution.

The process-based approach adopted here autoriyagieakrates high-resolution features of
the facies architecture that are inherent to theosidonal system (e.g. clinoforms within
regressive sandbodies, transgressive sandbodiesyang thickness and extent), in contrast to
conventional geostatistical tools where such festunust be recognised and quantifeed

priori by the user. Such features may have an impomaoadt on fluid flow and recovery in

some hydrocarbon reservoirs. The approach is thered useful tool for both academic
research and industrial applications, as it caon &lslp in the design of data acquisition

strategies to better constrain the evolution dfatigraphic system.

4.6 Summary

In this chapter, | have presented validating tedtshe stratigraphic inverse and forward
modelling scheme described in chapter 2 and 3.€Ttests consisted of the inference of the
sediment supply and relative sea level parametens fsynthetic data in which all the
environmental parameters are known. These prelmpimamerical experiments highlight

several important points:
1. The Bayesian formulation of the inverse schemeomby allows the inference of the

original relative sea-level and sediment-supplyesarfrom the observed data, but also

allows the full assessment of uncertainty relatovéhese parameters.
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By providing a full assessment of uncertainty oe thput parameters, the inverse
method is also able to assess the sensitivity efethparameters to the model
formulation. This information can be used to dedignre data acquisition strategies at

low cost that specifically reduce uncertainty itetamodel predictions.

. The use of RIMCMC samplers is significant in thaemables a trans-dimensional
approach that preferentially avoids over-complidatmodels, thereby reducing

computational costs.

. The use of the Simulated Tempering sampler coragidgimproves the robustness of
the inverse scheme, because it allows a complg@ieration of the parameter space in
order to fully sample (1) the posterior probabiltigtribution of the input parameters

and (2) all possible solutions of the inverse peofhl

. The numerical experiments demonstrate that unoédaiin the inferred results are
directly dependant on the magnitude measurememtseof the observed data, although
there is no linear relationship linking measurerembr magnitude and resulting

uncertainty.

. Tests also demonstrate that the solution of therse/problem may not be unique, even
though the investigated stratigraphy may be theltresf a unique combination of
processes and parameters. The non-unigqueness wivdrgse problem can result from

differences in data quality, quantity and, mostamtantly, distribution.

Prior knowledge about the environmental input pat@ms can provide important
additional constraints on the inversion processrdgucing the number of possible
local solutions and the burn-in period. Howeveppknowledge should not be chosen
to be too restrictive as it can lead the invergiootess to sample only partially or not at

all in the preferred solution area of the modekspa

. Grain-size and bed-thickness distribution can bedioted with at high-resolution
spatial and temporal scales while honouring (1)ewsinding of the geological

93



Inverse and Forward Modelling of Stratigraphy

processes active within wave-dominated systems(2ndhe input data. Uncertainty
assessment on these distributions can be perfobyeciracting several relative sea-
level and sediment-supply curves from the BayeS&% credible interval in order to
run multiple forward model realisations. These ltssshow that inverse stratigraphic
modelling is potentially a powerful tool that caongplement and extend the use of

conventional geostatistical methods in the buildhgetroleum reservoir models.

The results of the validation tests suggest that ittverse scheme can be expanded to
investigate all the input environmental parametersded to calibrate BARSIM and also apply
it to real datasets, if the latter are selecteth dite care for the assumptions and simplifications
of the underlying forward stratigraphic model. Tabowing chapters will present applications

of the stratigraphic inverse and forward numerscdleme to real datasets.
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Chapter 5

5 First Application: Sedimentological
Documentation of the Aberdeen Member of
the Blackhawk Formation, Book CIiffs,
Utah, U.S.A.

Abstract

In this chapter, | will document the variability facies character, palaeo-geomorphology and
high-resolution stratigraphic architecture withirsigle parasequence that is interpreted to
record the advance of an ancient asymmetrical wlaveinated delta and from which
sedimentary driving processes will be investigatadhe following chapter, by stratigraphic
forward and inverse modelling technique. More geltgrthis chapter will define the second
main objective of this PhD thesis, which is the enstinding of high resolution environmental
parameters variations driving stratigraphy at Hussasequence scale. The studied
parasequence is the Standardville (Abl) parasequehthe Aberdeen Member, Blackhawk
Formation, exposed in the Book Cliffs of centrabkit USA. High-resolution stratigraphic
analysis of these deposits reveals that they reamsihgle episode of shoreline progradation
characterised by alternating periods of normal esgjve and forced regressive shoreline
trajectory. The Standardville parasequence contaase-dominated shoreface-shelf and
fluvial-dominated delta-front deposits that aresipreted to represent respectively the updrift
and downdrift flanks of a single asymmetrical waleninated delta. The work presented in

this chapter is partly published in Charvin et{2008c).
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5.1 Introduction

Modern wave-dominated deltaic edifices are charset® by a complex internal stratigraphy
that records spatial and temporal variation in slee morphology and physical process
regime. Shoreline morphology is shaped by the adatibfluvial discharge, which introduces
sediment to the system, and sediment reworkingp@m by littoral currents induced by fair-
weather and storm waves (e.g. Coleman & Wright51®@ominguez, 1996; Bhattacharya &
Giosan, 2003). The relative importance of these fpwocesses determines whether the
shoreline is linear, cuspate or arcuate in plawviRecent analysis of modern wave-dominated
and wave-influenced deltas suggests that shorefioephology can be defined with a
symmetry index, expressed as the ratio of dominamicdluvial and marine influence
(Bhattacharya & Giosan, 2003).

Linear shorelines and deflected deltas are formeewnet alongshore sediment transport by
littoral currents is sufficiently high to anneaktbkffect of sediment discharge at river mouths.
In this context, strandplains are defined by tlieear morphology and by the prevalence of
reworked sediment supplied by alongshore littorairents from the wave erosion of older
shorelines. Increasing dominance of fluvial proesss expressed by protruding deltaic
shorelines with lobate morphologies. Wave-dominatasti wave-influenced deltas are
characterised by a higher sediment discharge atrivthe mouth, relative to rates of wave
reworking and alongshore sediment supply. Suclaslélave been historically been portrayed
as symmetrical in plan view (Coleman & Wright, 19R®ading & Collinson, 1996).

Both fluvial and wave processes can be highly actilius significant volumes of sand can be
supplied by alongshore currents on the updriftiflahthe wave-dominated delta. Hence, these
deltas may be characterised by a pronounced alorgyshriability and a marked asymmetrical
morphology with distinctly different sand distrilits and facies architectures on their updrift
and downdrift flanks (Bhattacharya & Giosan, 200@pdern examples (Sao Francisco delta,
Brazil; Paraibo do Sol delta, Brazil; Danube deRamania) show that such deltas resemble
strandplains and contain depositional elementsdi@ch ridges and beach-ridge sets on their
updrift flank (Bhattacharya & Giosan, 2003; Figl)5.0n their downdrift flank, they comprise

wave-dominated spits and barriers that encloseteshdl lagoons and embayments, where
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fluvial and tidal processes can be preserved fleamréworking action of waves in bayhead and
flood-tidal deltas (e.g. Elliott, 1986; Dominguetal, 1987; Boydet al., 1992; Bhattacharya

& Giosan, 2003, Bhattacharya, 2006). Each of thelsments may exhibit their own
stratigraphic architecture (Fig. 5.1). The morphgl@f asymmetrical wave-dominated delta
typically evolves quickly, over decades to tenshofusands of years, in response to autogenic
and allogenic forcing of the relative dominancédlovial and wave processes (e.g. Dominguez
et al, 1987; Rodrigueet al, 2000).

Figure 5.1: Morphology of modern asymmetric delfattaic lobes. (A) Sao Francisco delta,
Brazil. (B) Paraibo do Sol, Brazil. (C) Danube Shd&brge delta, Romania (modified from
Bhattacharya & Giosan, 2003). Note thepresenctaigfe sand sheets developing updrift of
distributary river mouth. (D, E, F) Conceptual ewttbn model for the modern St Gheorghe
deltaic lobe. (D) Subaqueous delta phase — sedindemosition is primarlily on the
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subaqueous part of the delta: the beach rigde ptairthe updrift flank is also advancing. (E)
Middle ground bar phase — middle-ground bar formaghee mouth forcing the distributary to
bifurcate; linear barrier bars form on the subaqueodelta. (C) Barrier island phase — the
linear barrier bars coalesce and become emergeriotm a barrier island that rolls over to
attach to the mainland; a secondary fluvial-domathtbayhead delta may develop in the
sheltered lagoon behind the barrier island. Longhdrift is southward (after Bhattacharya &
Giosan, 2003).

Ancient regressive, wave-dominated shallow-mariepodits are characterised by laterally
extensive sandstone sheets that reflect shorelingramation (parasequencesnsuVan
Wagoneret al, 1990; Reynolds, 1999). However, their large mixénd sandstone-dominated
character often obscure their complex internatigt@phy. In addition, descriptions of ancient
wave-dominated deltas are often limited by spams diistribution and therefore focus on
vertical facies profiles and generalised three-disitnal facies trends. As a result, their
interpretations are invariably much simpler thaa tomplex spatial and temporal patterns
described in modern systems. In vertical profilesisshorelines are commonly represented by
coarsening- and shallowing-upward successions ddednby wave-induced sedimentary
structures (e.g. Elliott, 1986; Walker & Plint, Z9Clifton, 2006; Bhattacharya, 2006) or by
successions reflecting a mixture of current- angeagroduced sedimentary structures in areas
proximal to river outlets (Walker & Plint, 1992; &ding & Collinson, 1996; Bhattacharya,
2006). Three-dimensional facies trends associateith these vertical profiles define
basinward-thinning, progradational tongues (pamasecges) that are bounded by marine
flooding surfaces and that represent shorelineessgn over a relatively long interval (tens to
hundreds of thousands of years; Van Wagateal, 1990). Geomorphological analysis of
these deposits is often conducted at parasequeate\sith reference to the end members of
Galloway's (1975) tripartite classification of dwdt into wave-, tide-, and river-dominated
systems. Although this classification has beennelad to include relative changes of sea level
(Dalrymple et al., 1992) and variability of grain size (Orton & Reagli 1993), it lacks
important information about facies variability arelated sedimentary processes (e.g. Gani &
Bhattacharya, 2007). Moreover, its application atagequence scale involves considerable
averaging of high-resolution (intra-parasequeneddgogeographic trends, such that the short-

term variability observed in modern examples is rasblved. Therefore, subtle variability in
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wave-dominated deltaic shorelines in the pastudhiolg the occurrence of asymmetrical wave-
dominated deltas, are underestimated by this metbgyl

Shallow-marine sandstone tongues are commonly dedamas the “building blocks” of
sequence stratigraphic interpretations (e.g. Vargdher et al., 1990), and their stacking
patterns are used for correlation and to interghet role of various allogenic forcing
mechanisms (e.g. eustasy, tectonics, climate). Mganaller stratigraphic elements, which
record shorter timescales of shoreline evolutioa,rarely considered when applying sequence
stratigraphic methods, although studies of modeftas highlight high-resolution stratigraphic
and geomorphological variability that impacts thegéer scale, lower resolution stratigraphic
architecture. Hence, the distinction between l@ual regional stratigraphic signals may be
poorly characterised, and interpretations of giraphic architecture may lack robustness as a
result. Recent studies (Hampson, 2000; Storms &p$am, 2003; Hampson & Howell, 2005;
Hampsoret al, 2008; Sgmmet al, 2008) show that it is possible to use high-qualatasets

to interpret geomorphological and process-regimelugon at intra-parasequence scale, in
order to reconstruct high-resolution trends in pgéography and shoreline trajectosgrisu
Helland-Hansen & Martinsen, 1996). Such an appraatmited by data quantity and quality,
but has the advantage of allowing the investigattbrsedimentological, stratigraphic and
geomorphological responses to environmental sigatateth high and low resolution in order

to develop a robust stratigraphic and palaeogebgrd@amework.

In this chapter, | will present interpretationsfaties architecture and physical stratigraphy at
intra-parasequence and parasequence scales iralsamerent wave-dominated shorelines in
the Upper Cretaceous Aberdeen Member (Blackhawkn&bon), which is exposed in the
Book Cliffs, Utah, USA. This interpretation is bdsen a dataset that | collected in June-July
2006. These data will be used in the following ¢baps observed data from which relative sea
level, sediment supply, mud fallout rate and waeght histories will be inferred by
stratigraphic inverse and forward modelling teches) in Chapter 6. Prior to numerical
investigation, a conventional sedimentological rptetation is required to assess shoreline
orientation, sedimentation style and to qualitdyivanalyse variations in environmental
parameters, which might be used as prior informatiathin the stratigraphic inversion
process. The aims of this study are threefold.tlirs will document evidence of both wave

and river processes along the palaeo-shorelineang8ly, | will relate high resolution intra-
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parasequence facies architecture to palaeogeograptiipalaeogeomorphological evolution of
the Standardville parasequence shoreline. Thitdigll discuss the implication of these high-
resolution reconstructions of physical stratigraphyg palaeogeography for previous sequence
stratigraphic interpretations of these strata aitiddefine the objectives of the first application

of the stratigraphic inverse and forward model&hgprithm.

5.2 Geological Setting and Previous Work

The Campanian (Upper Cretaceous) Blackhawk Formaterms part of a wedge of
siliciclastic sediment transported eastward froe Sevier orogenic belt and deposited along
the western margin of the Western Interior Seawegu¢het al, 1983). The Cretaceous
Western Interior Seaway of North America stretcfiedh the present Gulf of Mexico to Artic
Ocean (Fig. 5.2A). This foreland basin was formgditustal loading and flexural subsidence
during thrusting and folding in the Cordilleran @Qem (Burchfieldet al, 1992) and thermal
subsidence related to dynamic topography of thewseting slab (Liu & Nummedal 2004).

The large scale stratal architecture of the foromatiecords deposition during a long term
relative rise in sea level (Taylor & Lovell, 19993owell & Flint, 2003). In the Book Cliffs area
of western Utah (Fig. 1B), the Blackhawk Formatmontains six shallow-marine members
(Fig. 5.3) that pass eastward (basinward) into @redantly open-marine Mancos Shale
(Young, 1955). Each member comprises several sapkegradational shoreface tongues
associated with fluvial and coastal plain depo3ite Blackhawk Formation is unconformably
overlain by the Castlegate Sandstone and is sepglarf@dm the underlying Star Point
Formation by a westward-thinning tongue of the MenShale (Young, 1955). Sparse
radiometric and palaeontological age data consttaposition of the Blackhawk Formation to
between 82.5 and 79 Ma (Fouehal, 1983). Each member thus represents an appraximat
duration of 0.5-0.6 Ma. Outcrop mapping and sulam@fcorrelations of the sequence
boundaries and major flooding surfaces that bounadlasv marine members (e.g. Kamola &
Huntoon, 1992; O'Byrne & Flint, 1995; Taylor & LoNe1995; Van Wagoner, 1995; Yoshida,
2000; Hampsoret al 2001; Howell & Flint, 2003) define the sequendeatsyraphic
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framework presented in Figure 5.3 (after Hampstnal 2001; Howell & Flint, 2003;
Hampson & Howell, 2005).

The Aberdeen Member is the second oldest shallonamamember of the Blackhawk
Formation. It crops out along the northern parthefBook Cliffs (Fig. 5.2C) and can be traced
from near its palaeo-landward termination at Gor@yeek (10 km west of Helper) to its

palaeo-seaward termination at Soldier Creek Caly/drikm of east of Kenilworth).

Figure 5.2: Location of the Aberdeen Member of Bieckhawk Formation (Utah, USA). (A)

Location of the study area (black square, correspiog to the area shown in Fig. 1B)
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superimposed on a palaeogeographic reconstructioth® late Campanian Western Interior
Seaway (after Kaufman & Caldwell, 1993). (B) Mapthad Book Cliffs area, highlighting the
study area and regional stratigraphic cross-sectshrown in Figure 5.2. (C) Map showing the
distribution of cliff-face exposures, measured isastand detailed stratigraphic cross-section

shown in Figure 5.12.

Within the study area, the Book Cliffs trend appmeately west-east (Fig. 5.2B, C), which is
perpendicular to the regional shoreline trend (Bs/s1980; Howell & Flint, 2003). The
distance of overall shoreline progradation durirepaskition of the Aberdeen Member was
about 35 km. Compared to the other well-exposed Imeesnwhich have been widely studied
(Kamola & Van Wagoner, 1995; O'Byrne & Flint, 199Battison, 1995; Taylor & Lovell,
1995; Van Wagoner, 1995; Hampson, 2000; Howell &tFR003; Hampson & Howell, 2005;
Sgmmeet al., 2008), the sedimentology and internal stratigraphthe Aberdeen Member is
poorly documented. The parasequence-scale stialigrifamework of the Aberdeen Member
has been outlined by Kamola & Huntoon (1992, 19%85). These workers interpreted five
wave-dominated shoreface-shelf parasequences witbidberdeen Member (labelled AbO-4
in Fig. 5.3), with the upper two truncated by acised valley network (Kamola & Huntoon,
1995). The oldest of the five parasequences (Ala8) ot yet been described, but the four
younger parasequences (Abl-4) are documented tmicowell-exposed marginal-marine
through shallow-marine deposits. Kamola & Huntod®95) named these four younger
parasequences in ascending stratigraphic orderolsws$, after their type localities:
Standardville (Abl), Deadman (Ab2), Coal Creek #b3) and Coal Creek #2 (Ab4)
parasequences. The stacking pattern of these paeasees is strongly progradational for the
older parasequences but becomes increasingly aggraal, particularly for the two youngest
parasequences (Kamola &Huntoon, 1995). This stegilyc architecture is attributed to
increasing flexural subsidence driven by out-ofesagre uplift and thrust loading, assuming a

constant sediment supply (Kamola & Huntoon, 199y¢ionet al, 2000).

The member also contains a unit of fluvial-domidatelta-front deposits that is difficult to
place within the parasequence framework outlineaveb These deposits lie at the palaeo-
seaward limit of wave-dominated shoreface-shelf od#p in the Standardville (Abl)

parasequence, and have been interpreted to repoegmosition during a relative sea-level fall
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(Kamola & Huntoon, 1992, 1993). In this interpre&taf the delta front deposits represent a
“stranded lowstand parasequence” (Van Wageneal, 1990; Kamola & Huntoon, 1993) with
a sequence boundary placed either at their basedgH& Flint, 2003) or at their top (Kamola
& Huntoon, 1992). With the exception of the “stradd delta front deposits, the various
parasequences in the Aberdeen Member are desasbeohsisting of shoreface-shelf deposits
(Kamola & Huntoon, 1992, 1995, 1995), implying aastplain shoreline that was supplied

with sediment by alongshore littoral currents.

Figure 5.3: Summary stratigraphic cross-sectionotigh the late Cretaceous Blackhawk
Formation, Book Cliffs, Utah (after Balsley, 198@ampson et al., 2001; Hampson & Howell,
2005 and references therein). The cross-sectitoceted in Figure 5.1B. Datum horizons are
regionally extensive lithostratigraphic markers. o&face-shelf sandstone tongues
(parasequences) are numbered within the Spring @an(5C17), Aberdeen (AbQ),
Kenilworth (K1 5), Sunnyside (SB) and Grassy Members (4). Large scale stratigraphic
architecture is recorded by the stacking pattermighe shorefaceshelf sandstone tongues.
Documented sequence boundaries are named aftemdimenclature of Hampson & Howell
(2005).
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5.3 Methodology

Excellent outcrop exposure in the west-east-trepddook Cliffs allows detailed study of
sedimentary facies and facies architecture alorgpsigonal dip, with some strike control
provided by north-south-trending canyons (Fig. 5.2Che Aberdeen Member was studied
using 16 measured sections, combined with detgilbdtomontages and field sketches
covering the entire extent of the outcrop (Fig.3.2No measured sections were collected at
the up-dip termination of Aberdeen Member (wesGd$son Gulch; Fig. 5.2C), because these

outcrops are both inaccessible and intensivelyddulHansen, 1996).

The method used to analyse intra-parasequencetestcine involved four steps: (1) facies
associations and stratigraphic surfaces were destand interpreted in measured sections, (2)
based on the interpreted measured sections arehther work of Kamola & Huntoon (1992,
1993, 1995), parasequences bounded by transgressifaees were correlated over the study
area, (3) photomontages and field sketches of tifie faces were used to trace minor
stratigraphic discontinuities and facies assoamtiboundaries identified within the
parasequences (e.g. in measured sections) througheutudy area at outcrop (after the
methods of Hampson, 2000; Hampson & Storms, 2083, (4) shoreline geomorphology,
palaeogeographic evolution and trends in shordliagctory were reconstructed from the
intra-parasequence stratigraphic architecturer(#fie methods of Hampson, 2000; Hampson
& Storms, 2003). It is important to appreciate tti@s method is limited by three factors.
Firstly, the identification of minor stratigraphiiscontinuities within parasequences is limited
by photomontage resolution and cliff-face exposyuality. Secondly, accurate thicknesses for
the studied succession were obtained only at lmestiwith measured sections. Thirdly,
palaeogeographic reconstruction is inherently Bohiby the largely two-dimensional nature of

the cliff-face exposures.

Transgressive surfaces at the base and top of quarasces have been used as local
stratigraphic datum surfaces, as they are extemsideclearly identifiable. However, in reality
these surfaces do not represent smooth palaemhtaizsurfaces. Minor, but appreciable,
transgressive erosion is often associated with sudiaces (e.g. Swift, 1968; Hwang & Heller,

2002; Storms & Swift, 2003), and they typically dipry gently palaecoseaward to define the
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gradient of the resulting shelf (e.g. Storms & $wW#003). Consequently, the dips of intra-
parasequence stratigraphic discontinuities relativeansgressive datum surfaces are slightly
but systematically over-estimated (Hampson, 2000¢. main uncertainty in reconstructing the
geometry of intra-parasequence stratigraphic dismoities is the effect of differential
compaction, which becomes significant near the gualeaward pinchout of shoreface-shelf
sandstones, at the transition from thick sandstlmminated successions to heterolithic

successions containing thinner sandstone beds.

5.4 Facies Associations and Depositional Environments

Ten facies associations have been recognised inAtherdeen Member. These facies

associations are described and interpreted bbeflyw, and are summarised in Table 5.1.

5.4.1 Wave-Dominated Shallow-Marine Facies Associations

Five facies associations (OT, dLSF, pLSF, USF, F&hle 5.1) are interpreted to represent
wave-dominated shoreface-shelf deposits (Figs. 5548 5.6, 5.7). These facies associations
are typically arranged in upward-coarsening fagescessions, from association OT at the
base through to association FS at the top (Figh)5.Boundaries between the various facies

associations in these successions are typicaltiagicmal.

Facies association OT (Fig. 5.5A) consists of matdy to intensely bioturbated blue-grey
mudstone that is in places interbedded with thifb (2Bm) siltstone to very fine-grained
sandstone beds. These siltstones and sandstortesnquarallel lamination, wave and current
ripple cross-lamination. Bioturbation is intensed atme trace fossil assemblages mainly
constitutePlanolitesichnofacies. This facies association is interpretedepresent offshore
transition deposits. Mudstones are interpretedettond deposition from suspension below

storm wave base, with bioturbation attributed tbsaguent biogenic reworking. Laminated
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and cross-laminated siltstone and sandstone besislikely record deposition from oscillatory

and unidirectional currents generated during mstomms.

Lithofacies Lithology and Sedimentary Structures Granulometric  Bioturbation
Association Facies
Foreshore (FS) Upper fine-grained sandstone. Plzaratlel Amalgamated  Absent
lamination. sand

Upper shoreface
(USF)

Proximal lower
shoreface (pLSF)

Distal lower

shoreface (dLSF)

Offshore transition
shelf/framp (OT)

Upper fine- to medium-grained sandstone. TroughAmalgamated
and tabular cross-beds, minor planar lamination, sand
and swaley cross-stratification.
Upper fine-grained sandstone. Hummocky cross- Amalgamated
stratification and minor wavy lamination. sand
Non-amalgamated beds of upper fine-grained Interstratified
sandstone with mudstone and siltstone interbeds.sand and mud
Hummocky cross-stratification and minor wavy

lamination.

Mudstone and siltstone with beds of very fine- to Laminated mud.

fine-grained sandstone. Parallel lamination, wave

and current ripple cross-laminations.

Sparse to moderate
(Ophiomorpha,
Skolitho$

Sparse to moderate
(Ophiomorpha,
Thalassinoides

Moderate to intense
(Ophiomorpha,

Thalassinoides

Moderate to intense
(Planoliteg

Proximal delta front
(pDF)

Distal delta front
(dDF)

Slumps (SL)

Fine- to coarse-grained sandstone. Planar Amalgamated

laminations, current ripple laminations, trough  sand
and tabular cross-beds, channelised bodies.

Non-amalgamated beds of fine- to coarse-grainedinterstratified
sandstone with mudstone and siltstone interbeds.sand and mud
Planar lamination at bed bases grading into
current ripple laminations at bed tops.

Disorganised beds of fine- to coarsengd Heterolithic
sandstone with mudstone. Collapse structures and

soft sediment folds

Sparse to moderate
(Ophiomorpha

Moderate to important
(Cruziana,

Thalassinoides

Absent.

Coastal plain (CP)

Channel fill (CF)

Lithologically variable successof mudstone, Interstratified

siltstone, sandstone and coal sand and mud
Variably fine- to coarse-grainsahdstones and Heterolithic
interbedded siltstone and mudstones. Erosionally
based channel-fill bodies. Cross-beds and current

ripple laminations.

Moderate to important
(roots)

Moderate

Table 5.1. Summary of facies associations.
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Figure 5.4: Detailed sedimentary logs. Each log wbosedimentology, facies associations,

interpreted depositional environment, and stratgia& surfaces and units. (A) Peerless Mine
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measured section, representing a typical wave-datath shoreface-shelf facies succession
from an un-named parasequence (AbO) and the omerigtandardville parasequence (Abl). In
detail, both parasequences contain several upwaatsening bedsets bounded by non-
depositional discontinuities. (B) Coal Creek measusection, representing a distal wave-
dominated shoreface-shelf facies succession (0-14 log) overlain by a fluvial-dominated

delta front succession (14-25 m in log) near thlapa-seaward pinchout of the Standardville
parasequence (Abl). Abbreviations for facies asdoris and depositional environments are

given in Table 5.1.

Facies association dLSF (Fig. 5.5B-D) is composkthia to thick (5-50 cm) beds of very
fine-grained, hummocky cross-stratified sandstonth wnudstone and siltstone interbeds.
Bioturbation in the mudstones and siltstones is enai@ to intense. Trace fossil assemblages
constituteOphiomorphaand Thalassinoidegchnofacies. Facies association dLSF is interpreted
to represent distal lower shoreface and inner stegtbsits deposited above storm wave base
and below fair-weather wave base. Hummocky crasgifgtation records deposition from
waning oscillatory flows (e.g. Dumas al., 2005). Hummocky cross-stratified sandstone beds
are interpreted to represent major storm events (@ott & Bourgeois, 1982; Duke, 1985;
Clifton, 2006). Interbedded mudstones and siltstaeeord deposition from suspension during

fair-weather periods between the storms.

Facies association pLSF (Fig. 5.5E-F) comprisedganaated beds of very fine- to medium-
grained sandstone that contain hummocky crossf&tasibn. Bioturbation is low to moderate
in intensity. Ophiomorphaand Thalassinoidesare the most prominent trace fossils. Facies
association pLSF is interpreted as proximal loviiereface to middle shoreface deposits. The
pervasive, hummocky cross-stratified charactehefdandstones records deposition by storm
wave processes (e.g. Dott & Bourgeois, 1982; Dak&5), while their preservation implies

limited reworking by fair-weather wave processes.
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Figure 5.5: Photographs illustrating features of weadominated shallow-marine facies
associations (OT, dLSF, pLSF, USF; Table 5.1).Ble-grey mudstone interbedded with thin
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beds of siltstone to very fine-grained sandstort@téaarrow) that contain wave and current

ripple cross-lamination. (B) Non-amalgamated, hurokyocross-stratified sandstone beds
with siltstone interbeds, which characterise distater shoreface deposits (facies association
dLSF). (C, D) Upward-fining bedset bounded by emal surfaces, which are overlain by

amalgamated, hummocky cross-stratified sandstomks. bEhis succession consists of distal
lower shoreface deposits (facies association dL8E).F) Amalgamated, hummocky cross-
stratified sandstone beds characteristic of profinlawer shoreface deposits (facies

association pLSF). (G) Trough and tabular crossdirg within upper shoreface deposits

(facies association USF). The cross-bed has carbemas siltstone drapes along its foresets
(H), which are arranged into interpreted tidal bdesl in which closely spaced drapes

represent neap tide conditions (labelled N) andelidspaced drapes represent spring tide
conditions (labelled S). Photographs A-B were takem the Standardville parasequence at
Coal Creek (Figs. 5.2C, 5.4B), photographs C-D weesn from the same parasequence at
Panther Canyon (Fig. 5.2C), whereas photographs BEwadre taken from the same

parasequence at the Peerless Mine (Figs. 5.2C,)5.4A

Facies association USF (Fig. 5.5G-H) consists gfeadine- to medium-grained sandstone
containing trough and tabular cross-beds, plamaination and swaley cross-stratification.
Foresets within some cross-beds are lined by drapearbonaceous siltstone and mudstone
that are arranged in a regular, repeated pattagy %5H). Palaeocurrents measured from
cross-beds are predominantly oriented to the saghar south-southwest (Fig. 5.6A), which
is oblique to sub-parallel to the regional shoeelimend (Kamola & Huntoon, 1995).
Bioturbation intensity is low, and the dominantcedossils ar@®©phiomorphaand Skolithos
Facies association USF is interpreted as uppeefstt@ deposits that record deposition above
the fair-weather wave base in the breaker zones<=lbeds record the migration of dunes in
response to onshore and/or alongshore currentsagedeby fair-weather waves (Elliot, 1986;
Boyd et al, 1992; Walker & Plint, 1992; Clifton, 2006). Sibne and mudstone drapes along
the foresets of the cross-beds record periodswefilov velocity, and their regular, repeated
distribution most probably records velocity vaaas over several tidal cycles (e.g. spring-

neap cycles; Fig. 5.5H). Swaley cross-stratifiaatiecords an unstable condition of bedform
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migration in response to strong oscillatory cursenthich may have a minor unidirectional

component (Dumast al, 2005). These structures most likely record stauame processes.

Facies association FS (Fig. 5.7A-B) is composedird-grained sandstone with gently
wedging to sub-parallel planar lamination, andasnmonly penetrated by roots (Fig. 5.7B).
Bioturbation is sparse to absent. Facies associdt® is interpreted as foreshore deposits.
Wedging and sub-parallel planar lamination are rpreted to record swash-backwash

processes caused by breaking waves (Clifton, 2006).

At a gross scale, upward-coarsening successiongosés association OT through facies
association FS record progressive shallowing inewaepth (e.g. Fig. 5.4A), and can be
regarded as parasequences (Kamola &Van Wagones).IPi®e vertical facies successions are
typical of regressive, barred, sandy shorefaceFsecessions (Elliot, 1986; Walker & Plint,

1992; Clifton, 2006). The trace fossil assemblaigethese successions imply deposition in
progressively shallower shelfal to nearshore emwirents (Pembertoet al, 1992). The upper

part of these successions (facies associations BSFcommonly have a white color, due to
early diagenetic leaching by acidic groundwatemirooals in the overlying coastal plain

deposits (Tayloet al.,2004).

The Standardville (Abl) parasequence contains aplsten shallowing upward succession

(facies associations OT, dLSF, pLSF, USF, FS). lofis transition deposits (facies

association OT) are poorly developed and/or misgingalaeolandward areas, but become
thicker and more fully developed in palaeoseawarglasa In contrast, foreshore, upper
shoreface and proximal lower shoreface depositsedaassociations pLSF, USF, FS) thin and
pinch out in a palaeoseaward direction. The Deadp@asequence (Ab2) comprises lower
shoreface to foreshore deposits (facies assocgatia®F, pLSF, USF, FS). The distal lower

shoreface deposits (facies association dLSF) sfghrasequence also contain climbing current
ripples recording deposition from unidirectionabvits. Coal Creek #1 and Coal Creek #2
parasequences (Ab3 and Ab4, respectively) contaliyn successions from lower shoreface to
upper shoreface deposits (facies associations dpB&F, USF). Foreshore deposits (facies

association FS) are locally absent.
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Figure 5.6: Maps showing the extent of shorelineogpadation, palaeocurrent data,
palaeogeography and plan-view shoreline trajectfmythe upper four parasequences of the
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Aberdeen Member (Abl-Ab4, Fig. 5.3). (A) StanddimljAbl) parasequence map. The

palaeo-landward part of the parasequence compiisesieposits of a linear, wave-dominated
shoreline with southwest-directed palaeocurrentsupper-shoreface deposits. The palaeo-
seaward part of the parasequence comprises fludoatinated delta front deposits that define
a lobate shoreline, which palaeocurrent data anghafbrm geometries indicate built out

towards the south and southwest. (B) Deadman (fAbB3sequence map. The parasequence
comprises the deposits of a linear, wave- dominatkdreline with southwest-directed

palaeocurrents in upper-shoreface deposits. (C)|@raek #1 (Ab3) parasequence map and
(D) Coal Creek #2 (Ab4) parasequence map. Both gEqaences comprise the deposits of
linear, wave-dominated shorelines that are trundatey a sequence boundary near their

palaeo-seaward limits.

Figure 5.7: Photographs illustrating features of weadominated shallow-marine facies
associations (FS, Table 5.1). (A) Gently wedging swb-parallel planar lamination
characteristic of foreshore deposits (facies asstmn FS), penetrated by roots (B).
Photographs A-B were taken from the Standardvibeapequence at Peerless Mine (Fig.
5.2C).
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5.4.2 Fluvial-Dominated Delta Front Facies Associations

Three further facies associations are interpreie@present shallow-marine deposition within
fluvial-dominated delta front successions (FigstB5.5.8, 5.9, Table 5.1). These facies
associations are typically arranged in upward-@ang facies successions, with association
dDF at the base grading upwards into associatiofr @b the top (Fig. 5.4B). These
successions gradationally overlie proximal loweorsface to offshore transition deposits
(facies associations pLSF to OT). Units of faciesoaiation SL are interspersed throughout
the successions. The fluvial-dominated delta femaicessions contain a large number of easily
recognisable clinoforms (Figs. 5.8). The clinofornase a concave-up shape and present steep
dips of (3-7°), such that each clinoform has aretxtiown depositional dip of only 200 to 500
m. In the western part of the succession, clino®dip towards the south and southwest,
which is almost perpendicular to the regional démwsl dip. In the eastern part of the
succession, clinoforms dip more gently towards #wuth and southeast. Clinoform
distribution is complex; their spacing varies frome metre to several tens of metres, and may

be uniform or non-uniform at a particular outcropdtion.

Facies association dDF (Fig. 5.9A-B) consists of-amalgamated fine- to coarse-grained
sandstone beds interbedded with bioturbated muelstand siltstones. Sandstone beds are thin
(5-20 cm), and each exhibits a vertical successigrianar lamination at the base grading into
current ripple lamination and capped by bioturbasédtstone. Bioturbation is moderate to
intense. Prominent trace fossils includrizianaand ThalassinoidesThis facies association

is interpreted to represent distal delta front a#pp because of the abundance of current
ripples, which record deposition from unidirectiboarrents, and the absence of wave- and
storm-generated sedimentary structures. The veligsecession within each sandstone bed
comprises a partial Bouma sequencec)(Twhich records waning of a turbulent flow.
Successions of this facies association therefarerderepeated deposition of sandstone beds
by episodic unidirectional currents, with intervemiperiods represented by deposition of
mudstone and siltstone from suspension. Within lgadeont context, the partial Bouma
sequences in the sandstone beds are interpretked poduct of hyperpycnal flows caused by

episodic discharge of dense, sediment-laden riatens.
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Figure 5.8: CIiff face interpretation of fluvial tta front deposits. (A) Uninterpreted and (B)
interpreted aerial photograph of the west face odalC Creek showing in ascending
stratigraphic order: (1) wave-dominated shorefatel$ deposits of the lower Standardville
(Abl) parasequence, (2) fluvial-dominated deltanfrdeposits of the upper Standardville
(Abl) parasequence, (3) wave-dominated shorefaek-sleposits of the Deadman (Ab2)
parasequence, and (4) coal-bearing coastal plaipodés. Note the very gentle easterly dip of

clinoforms in the wave-dominated deposits of theetoStandardville (Abl) parasequence,
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highlighted by bedset boundaries (non-depositicsiatontinuity surfaces). In contrast, the
overlying fluvial-dominated delta front successi@ontains steeper, westerly dipping
clinorforms that downlap the wave-dominated sharefshelf deposits. The tops of the delta-

front clinoforms are erosionally truncated by ansgressive surface.

Facies association pDF is composed of amalgamatedtb coarse-grained sandstone beds,
which thicken upwards within successions of theemassociation. Each sandstone bed in the
lower part of the succession has the same inteh@akcter as the sandstone beds described in
facies association dDF. Sandstone beds in the yggpeof the succession are characterised by
unidirectional trough and tabular cross-beds (FH®PC-D) and contain bioturbation of
moderate to low intensity; the most prominent tréssil isOphiomorpha The upper part of
successions of this facies association is alsoackenised by coarse-grained sandstone beds
with erosional U-shaped bases, indicating chareeliBow running down the clinoforms
toward the south (Fig. 5.9C-D). Facies associapDit is interpreted to represent proximal
delta front deposits. Both the partial Bouma seqesifLc) in the lower part of the succession
and trough and tabular cross-beds in the uppergddtie succession record deposition by
unidirectional currents with little or no wave éince. The increase in sandstone proportion,
bed thickness and cross-set scale relative todassociation dDF indicates deposition in a
location more proximal to the deltaic distributahy.this context, trough and tabular cross-
beds are typically found in mouth bar successibasdccur directly at the mouths of terminal
distributary channels (e.g. Bhattacharya, 2006ri®& Bhattacharya, 2006).

Both distal and proximal delta front deposits (&cassociations dDF, pDF) contain numerous
collapse structures and beds that contain softrsadifolds (Fig. 5.9E-G). The latter can be
up to several metres thick, and they are assigoddcies association SL. Small-scale raft
structures and fold axes are consistently orietudgte south and southwest, down the slope of
clinoforms in the successions that contain themaAssult, beds containing these features are
interpreted as slumps. The presence of such slwapde explained by the relatively steep
slopes of the prograding clinoforms. Other collags@ictures may also be explained by

loading and water escape processes.
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Figure 5.9: Photographs illustrating features ofuvilal-dominated delta front facies
associations (dDF, pDF, SL; Table 5.1). (A, B) Ssode beds containing partial Bouma
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sequences () that comprise planar-parallel lamination gradingoward into current ripple
cross-lamination and capped by bioturbated silstofleese sandstone beds are interbedded
with mudstones and siltstones in distal delta frdaposits (facies association dDF). (C)
Uninterpreted and (D) interpreted aerial photograpshowing proximal delta front deposits
(facies association pDF, interpreted as mouth baasd channel-fill sandstones (facies
association CF, interpreted as terminal distribytathannel fills) overlying distal delta front
deposits (facies association dDF). (E, F, G), Slsmpd load structures that occur throughout
the delta front succession (facies association 3\l).photographs were taken from the
Standardville parasequence: photographs C and Deweken between Coal Creek and
Soldier Creek (Fig. 5.2C), photographs A, B anddferntaken at Coal Creek (Figs. 5.2C), and
photographs E and G were taken at Soldier Cree§ggF.2C, 5.4B).

Upward-coarsening successions of facies associaiof through facies association pDF
record progressive shallowing in water depth (€ig. 5.4B), and the successions are typical of
regressive fluvial-dominated deltas (e.g. thosecdasd in the Spring Canyon Member by
Kamola &Van Wagoner, 1995; Hampson & Howell, 200%he steep, concave-upward
clinoforms within these deposits are also typiddlwial-dominated delta front deposits (e.g.
Bhattacharya, 2006). Fluvial-dominated delta frdaposits lie at the palaeo-seaward limit of
wave-dominated shoreface-shelf deposits in thedataille (Abl) parasequence (Fig. 5.4B,
5.6A). Clinoform geometries and palaeocurrent dadiicate deposition of at least one delta
lobe that was oriented towards the south or sowthvrapid and localised sedimentation at the
mouths of deltaic distributary channels is intetpdeto have driven rapid progradation and
steep, unstable depositional slopes, which gereeralemps and collapse structures. The
western part of the lobate delta front compriseseta associations dDf, pDF and SL only,
which implies that it was protected from wave atti®n the eastern part of the delta front,
facies associations dDf and pDF grade into hummamigs-stratificatied sandstone beds
(facies association dLSF), which indicates rewagkoy storm waves. This part of the delta

front was therefore open to storms that trackeaolitin the Western Interior Seaway.
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5.4.3 Coastal Plain and Channel Fill Facies Associations

Two facies associations (CF, CP; Table 5.1) arerpméted to represent non-marine and
marginal-marine deposits. These deposits are géngraorly exposed and have not been
mapped in detail. As a result, the facies assariatdescribed below probably comprise the

deposits of multiple depositional environments tiete not been differentiated.

Facies association CF is composed of variably dpftee- to coarse-grained sandstones and
interbedded siltstones and mudstones that occamagtrosionally based, channel-fill bodies of
single-storey and multi-storey architecture. Thadstones are typically cross-bedded and
current ripple cross-laminated. In places, sandstoeds and heterolithic units are arranged
into larger scale architectural elements that addined parallel to channel margins, thus
recording lateral accretion of the channel mardtmgg. 5.9C-D, 5.10, 5.11). This facies
association is interpreted to comprise fluvial @istributary channel-fill deposits. Channel-fill
deposits are observed in four different contexty: rhany cut down into proximal, fluvial-
dominated delta front deposits (facies associgildR) (Fig. 5.9C-D), (2) several locally erode
into foreshore and upper shoreface deposits (faasssciations FS, USF) at the top of the
Standardville (Ab1) parasequence (Figs. 5.6A, 5.@))channel-fill deposits are stacked into a
multistorey and multilateral complex that infillset incised valley network (Fig. 5.6C-D, 5.11)
described by Kamola & Huntoon (1992, 1993, 199%)d &) they occur in coastal plain
deposits (facies association CP). The first categdrchannel-fill deposits is interpreted as
infill terminal distributary channelssénsuOlariu & Bhattacharya, 2006), based on their
context. Internally these channel-fill deposits team lateral accretion surfaces. They form
single-storey sandbodies reaching 2-3m in thicka@ssup to several tens of metres in lateral
extent due to lateral migration. The second categdrchannel-fill deposits may represent
fluvial and/or terminal distributary channels, besa their context is ambiguous. The third and

fourth categories are interpreted on the basikaif tontext to be fluvial in origin.
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Figure 5.10: (A) Uninterpreted and (B) interpreted photomontage of the Stanitli@b1l) parasequence at Gentile Wash (Fig. 5.2C). The photomontage Blad@rdéshore and upper shoreface deposits (facies
associations FS, USF) near the top of the parasequence are locally ibgisgdnnel-fill sandstones (facies association CF, interpreted aslflvi/or terminal distributary channel fills). Bedsets bounded by non-
depositional and erosional discontinuity surfaces are identified in proximaldestdl lower shoreface deposits (facies associations pLSF, dL3Rg ilower part of the parasequence. (C) Erosional discontinuity

surfaces are characterised by truncation of underlying beds, where&9 (©n-depositional discontinuity surfaces are characterised by intenselattur.
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Facies association CP comprises lithologicallyalsle successions of mudstones, siltstones,
sandstones and coals that do not occur as chalmeedies. These successions sharply overlie
foreshore and proximal delta front deposits (faeesociations FS, pDF) at the top of shallow-
marine parasequences. The successions are typiealipnaceous and are variably penetrated
by roots. This facies association is interpretedrdpresent undifferentiated coastal plain

deposits.

5.5 Stratigraphic Architecture

The stratigraphic architecture of the Aberdeen Mentias been interpreted by identifying and
correlating various types of stratigraphic surfatee most extensive of these surfaces are
transgressive surfaces that bound parasequencese Transgressive surfaces are characterised
locally by vertical juxtapositions of lower shoreéadeposits (facies associations dLSF, pLSF)
above proximal delta front, foreshore and coadhpleposits (facies associations pDF, FS,
CP) (Figs. 5.8, 5.11), which corresponds to a figant increase in water depth and lateral
facies dislocations of several kilometres (Van Waget al., 1990; Kamola & Van Wagoner,
1995; Hampsoet al.,2008). Sequence boundaries are characterisedylbyadleep erosion at
the base of incised valleys (Fig. 5.11), althougtytare difficult to interpret in interfluve areas
that lie outside of the valley margins (Van Wagoeteal., 1990). Within parasequences, minor
erosional and non-depositional discontinuity suséaare marked by erosional truncation and
intense bioturbation, respectively (Figs. 5.8, 5.81), combined with minor vertical and
lateral (<1 km) facies dislocations (Hampson, 2088mpson & Storms, 2003; Hampsen

al., 2008). These intra-parasequence discontinuityasasf are significantly less extensive than
the parasequences that contain them. The facidstemture defined by these various
stratigraphic surfaces is summarised in a crossesefFig. 5.12) compiled from measured
sections, cliff-face photomontages (e.g. Figs. 5.80, 5.11) and detailed field maps. The
results of our stratigraphic analysis confirm tlagsequence-scale stratigraphy of Kamola &
Huntoon (1995); the Aberdeen Member comprises fn@ve-dominated shoreface-shelf
parasequences and is truncated by an incised vadieyork that erodes from the top of the

member (Fig. 5.11). Additional detail is documentddthe intra-parasequence scale, which
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helps to elucidate the relationship between theewdominated shoreface-shelf deposits of the
Standardville (Abl) parasequence and the fluviahiated delta front deposits that lie
directly palaeo-seaward of them. Therefore we fanushe intra-parasequence architecture of

this interval below.

Figure 5.11: (A) Uninterpreted and (B) interpretedrial photographs showing the Aberdeen
Member near the mouth of Coal Creek (Fig. 5.2C}his area, four parasequences (Ab1-Ab4)

are present. Locally the Aberdeen sequence boun@e®B) incises through the youngest
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parasequence (Ab4). The sequence boundary is aveola stacked channel-fill deposits
(facies association FC) that infill an incised afl(Kamola & Huntoon, 1992, 1993).

The Standardville (Abl) parasequence is unusuailsktand laterally extensive due to its
development in a high-accommodation setting (Kam&ldduntoon 1995), which allows
optimal preservation of intra-parasequence arditec The stratigraphic and
palaesogeographic relationships between wave-doednaind fluvial-dominated shallow-
marine deposits in the interval that contains tken&ardville (Abl) parasequence are also
poorly characterised in parasequence-scale intatppes (Kamola & Huntoon, 1992, 1993,
1995; Howell & Flint, 2003).

5.5.1 Intra-Parasequence Architecture of Wave-Dominated Boreface/Shelf Deposits

The wave-dominated shoreface-shelf deposits oSthadardville (Ab1) parasequence contain
multiple easterly dipping clinoform surfaces tha¢ anarked by minor facies discontinuities
(Fig. 5.12). Individual clinoform surfaces have ancave-up shape similar to modern
shoreface-shelf profiles (e.g. Cant, 1991; WalkePl&t, 1992) and can be traced from distal
lower shoreface deposits into proximal lower sharefand upper shoreface deposits. Easterly,
palaeo-seaward dips of 0.1-0.15° has been calcuiatehe lower shoreface environment,
where these surfaces are most easily identifiddtive to the top-parasequence datum surface
(Fig. 5.11). These values are relatively similar tkmse calculated by Hampson (2000),
Hampson & Storms (2003) and Sgmeteal (2008) in other parasequences exposed in the
Book Cliffs succession. As the depositional envinent shallows, the clinoform dips become
gradually steeper. The gentle clinoform dips doauexs in the lower shoreface deposits of the
Standardville parasequence are consistent with \sn@werking of the shoreface and sediment
supply via alongshore littoral currents, and thegymepresent equilibrium shoreface-shelf

profiles for the mean wave climate that prevailedry shoreface progradation.

The clinoform surfaces described above are markeahibor facies discontinuities, and they

bound successions of genetically related beds @hathere referred to as bedsets (Van
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Wagoner, 1990). Two types of discontinuity surface observed, and these correspond to the

non-depositional and erosional discontinuities afrpson (2000).

Non-depositional discontinuity surfaces are marig@n abrupt decrease in the thickness and
amalgamation of storm-generated event beds withoximal and distal lower shoreface
deposits and an increase in the intensity of bipation (Fig. 5.10B-D). These surfaces are
associated with a palaeo-landward dislocation oefa(Figs. 5.4, 5.10C), marked by the sharp
base of a palaeo-landward-thinning tongue of mastalddeposits (e.g. facies association
dLSF) juxtaposed above more proximal deposits (@ges association pLSF) (Fig. 5.12).
Within lower shoreface deposits, bedsets boundethése surfaces are characterised by an
upward-coarsening trend that reflects a gradual anpwncrease in the amalgamation of
hummocky cross-stratified sandstone bedson-depositional discontinuity surfaces can be
traced along depositional dip, from west to east, 3-8 km in the Standardville (Abl)
parasequence to define clinoform surfaces (Fig)5Mon-depositional discontinuity surfaces
are characterised by a decrease in sedimentati@mmhwiay be associated with a relative rise in
sea level level and/or a decrease in storm waeasityy (Hampson, 2000; Hampson & Storms,
2003; Storms & Hampson, 2005). Such surfaces leiedtrongest expression when there is a
concomitant decrease in sediment supply (Sgetaé, 2008). Non-depositional discontinuity
surfaces can be forced by both autogenic and allogeocesses that result in a rearrangement

of the shoreline geometry and thus local sedimepply and wave/storm influence.

Erosional discontinuity surfaces are marked in iwaktsections through lower shoreface
deposits by erosion, an abrupt increase in theganation of storm-generated event beds, and
associated abrupt increases in grain size and gamént (Figs. 5.5C-D, 5.10CJhe surfaces
are often associated with steep-walled gutter castsare sometimes located at the base of
“sharp-based” shoreface successiaenguPlint, 1988). Erosional discontinuity surfaces are
associated with a palaeo-seaward dislocation aé$aEig. 5.10B), marked by the sharp base
of a palaeo-seaward-thinning tongue of more prokuegosits (e.g. facies association pLSF)
juxtaposed above more distal deposits (e.g. faasseciation dLSF) (Fig. 5.12). Within lower
shoreface deposits, bedsets bounded by these esidae characterised by an upward-fining
trend that reflects a gradual upward decrease énatmalgamation of hummocky cross-
stratified sandstone beds (Fig. 5.4C). Erosionatdtfitinuity surfaces can be traced along
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depositional dip, from west to east, for 0.5-3 kmthe Standardville (Ab1) parasequence to

define clinoform surfaces (Fig. 5.12). Erosionascdintinuity surfaces are characterised by
erosion, a discrete increase in sand supply andcagase in storm wave energy that enhanced
event-bed amalgamation. Such surfaces are intetptetrecord a lowering of storm wave base
in response to: (1) a more energetic wave/stormaté, and or (2) a minor relative fall in sea

level (Hampson, 2000; Hampson & Storms, 2003; SsagnHampson, 2005).

Bedsets bounded by the surfaces described abovevedredeveloped in the Standardville
(Abl) parasequence (Fig. 5.12). They have beeedrémr 4-10 km in down depositional dip
(west-east along the main cliff line; Fig. 5.120ddnr at least 3 km along depositional strike
(north-south along side canyons, Fig. 5.2C). Thi#sets have their clearest expression within
lower shoreface deposits, where they are definedabigtions in the amalgamation of storm-
generated event beds. They become less distinetpalaco-seaward direction as the event
beds thin and become less sand prone, and alsopmlago-landward direction as shales
between the event beds thin and pinch out. Nonth@fbedsets can be traced into upper
shoreface deposits (Fig. 5.12). A maximum of foeddets are observed in any vertical section
through the parasequence. Bedset thickness vaides 3 to 20 m, and each bedset records
progradation of the lower-shoreface facies beltOy-6 km (Fig. 5.12). These dimensions
suggest that bedsets are comparable in scale th-bie@e sets, as proposed by Semme et al.
(2008) using outcrop data from the Sunnyside Men(Bigr 5.3). Modern beach-ridge sets are
bounded by seaward-dipping clinoform surfaces a&cmekich there is a distinct change in

shoreline trajectory (e.g. Hampsenal, 2008).

The bedsets and discontinuity surfaces that bobenh tare not evenly distributed along the
cross-section down depositional dip (Fig. 5.123téad, their distribution can be used to define
three distinct geographical zones (labelled zor8grilFig. 5.12): (1) the area west of Panther
Canyon predominantly contains non-depositional afiiouity surfaces that bound bedsets
which are aggradationally stacked, (2) the areavémst Panther Canyon and Cordingly
Canyon is characterised by an abundance of erdsmisaontinuity surfaces bounding

progradationally stacked bedsets, and (3) the aest of Cordingly contains both non-

depositional and erosional discontinuity surfades bound aggradationally stacked bedsets.
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Figure 5.12: Correlation panel aligned parallel to regional depositional dipagh the Aberdeen Member. The location of the panel is shown in FigureCafn surfaces for the section are (1) the base of a coal
seam that caps the Standardville (Abl) parasequence, between Gilson GulchadntaB&anyon, (2) the top of the Deadman (Ab2) parasequence, marked by a caaleseawnch of its extent, between Deadman
Canyon and Soldier Creek. Stratigraphic architecture at both parasequence angpanisequence scales are shown. Linear, wave-dominated shorelineshipaasequence prograded from west to east, while
lobate, fluvial-dominated deltaic shorelines in the upper Standardville (AbAseanence prograded to the south and southwest. The distribution of non-depoaittbeabsional discontinuity surfaces that define

easterly dipping clinoforms within the wave-dominated shoreface-shelf ttepbshe lower Standardville (Abl) parasequence can be used to define dguamiecal zones, each interpreted to have a distinctive

shoreline trajectory. Facies associations are presented in tablé&Sgd text for discussion.
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The distribution of discontinuity surfaces and ass®d bedsets can be used to define aspects
of shoreline evolution and shoreline trajectoryg(edampson, 2000; Hampson & Storms,
2003; Storms & Hampson, 2005; Sgmrme al, 2008). Aggradationally stacked bedsets
bounded by non-depositional discontinuities, sushthmse observed in zones 1 and 3, are
interpreted to represent normal regressigengéu Posamentier et al., 1992) shoreline
trajectories developed during rising relative sagel (Hampson, 2000; Hampson & Storms,
2003). Under these conditions, accommodation spexsecreated on the coastal plain, which
caused aggradation. As a result, fluvial channedy hlmve become superelevated above the
coastal plain and thus prone to avulsion (e.g. dde&Schumm, 1999), which would have
driven switching of deltaic distributary channeisdownstream locations. Such repositioning
of distributary mouths changes the morphology efaave-dominated deltaic shoreline, which
can then lead to local changes in wave regimecation and erosional reworking of old
beach-ridge sets, and formation of a non-depositialiscontinuity surface (Sgmme et al.,
2008). Bedsets bounded by erosional discontinuitiegh show strongly progradational or
“downstepping” stacking patterns, such as thosembsd in zone 2 above, are interpreted to
represent forced regressiveesuPosamentieet al., 1992) shoreline trajectories developed
during falling relative sea-level (Hampson, 2000antpson & Storms, 2003). Forced
regressive shoreline trajectories are associatddemhanced scour at wave base, such as that
interpreted at each erosional discontinuity surfade@ch may locally produce a “sharp-based
shoreface” as observed in the eastern part of 2ai®ve (Plint, 1988; Pattison, 1995; Plint &
Nummedal, 2000; Hamspon, 2000). Under these condgitilittle or no accommodation space
was created on the coastal plain, such that fllunal deltaic distributary channels may have
incised the coastal plain and become fixed in theie-existing positions (Schumm &
Etheridge, 1994). The discussion above suggestsitb@amplex history of shoreline trajectory
can be interpreted within the wave-dominated slaoesthelf deposits of the Standardville
(Abl) parasequence. Although the overall trajectoepd was normal regressive, two episodes
of forced regressive trajectory can be interpretétiin the parasequence (corresponding to
zone 2 and the western part of zone 3 in Fig. X&2ola & Huntoon, 1993). The shoreface-
shelf succession deposited during the first inteo¥@megative shoreline trajectory (zone 2) can
be correlated palaeo-landward into coastal plaipodes that contain numerous fluvial
channels that shallowly incised into foreshore apger shoreface deposits near the top of the

parasequence (above zone 1 in Fig. 5.12).

127



Inverse and Forward Modelling of Stratigraphy

5.5.2 Internal Architecture of Fluvial-Dominated Delta Fr ont Deposits

An upward-shallowing succession of fluvial-domirhtdelta front deposits overlies and
downlaps the distal toe of wave-dominated shoreshe#f deposits near the palaeco-seaward
limit of the Standardville (Abl) parasequence (@, zone 4 in Fig. 5.12). Upper shoreface
deposits in the wave-dominated shoreface-shelfesstaen and proximal delta-front deposits in
the deltaic succession are both overlain by theesapal seam, suggesting that the two
successions were deposited in lateral continuititiwithe same parasequence (Fig. 5.12). The
fluvial-dominated delta front succession shows egdanumber of easily recognisable
clinoforms (Fig. 5.8). The clinoforms have steepsd{3-7°), and an extent down depositional
dip of only 200 to 500 m. The difference in clinofodip and orientation between the fluvial-
dominated delta front succession and the underlyiarge-dominated shoreface-shelf deposits
has formed a downlap surface (Figs. 5.8, 5.12). thiekness of the delta-front succession is
15-20 m, which corresponds to the water depthwitizh the delta prograded. This estimate of
water depth suggests that there was no signifidaapening across the downlap surface that
separates distal lower shoreface deposits belom fistal delta front deposits above. As a
result, this downlap surface is interpreted as a-depositional discontinuity within the
Standardville (Abl) parasequence, rather than @&dilg surface that separates two

parasequences (Figs. 5.8, 5.12).

In the western part of the succession, deltaico@irms dip towards the south and southwest,
which is almost perpendicular to the regional deéposl dip (Figs. 5.8, 5.12). The absence of
wave-generated structures in this part of the ssioe implies deposition in a sheltered,
confined location. In the eastern part of the sssio®, deltaic clinoforms dip more gently
towards the south and southeast (Fig. 5.12). Thege gentle slopes are associated with the
occurrence of hummocky cross-stratification, whiphrtially replaces fluvial-generated
sedimentary structures within the delta-front sesw. This decrease in dip may reflect
storm-wave reworking of the eastern part of theéadebnt. Clinoform orientations indicate that
the fluvial-dominated delta front had a lobate nmipgy, and that the delta front prograded
towards the south or southwest (Fig. 5.6A). Deltarf deposits are locally eroded by fluvial
distributary channels oriented towards the soutgs(F5.6A, 5.7C-D, 5.12), which supports
this interpretation of shoreline migration. Thetddtont deposits and the clinoforms that they
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contain are truncated by erosion at the transgressurface that defines the top of the
Standardville (Ab1) parasequence. Clinoforms arekathby minor non-depositional surfaces,
characterised by an increase in bioturbation and ountent. Non-depositional surfaces are
observed in both the proximal and distal partshefdelta front succession. Clinoforms bound
bedsets formed by the coalescence of individualthsobars in the proximal part of the delta
front and by an upward-coarsening trend and a glagaward increase in the amalgamation of
turbidite sandstone beds in the distal part ofdiéa front. Bedset thicknesses vary from 1 to
10 metres. The incremental growth of mouth bars e presence of non-depositional
surfaces suggest that bedset formation refleciati@rs in fluvial discharge and therefore the

generation of sandy hyperpycnal flows on the dedtat.

Trends in shoreline trajectory are difficult toanpret within the fluvial-dominated delta-front
succession, because the shoreline was lobate aatidelta-front progradation occurred at a
steep angle relative to the outcrop belt. The aetwe of fluvial channel-fill deposits cutting
down into the delta front deposits may support “floeced-regressive” shoreline trajectory
interpreted by Kamola &Huntoon (1992, 1993), whacpd a sequence boundary at the base
of the channels. Alternatively, the fluvial chanfidé may more likely represent terminal
deltaic distributaries that eroded into older déltent deposits as the delta continued to
prograde under a normal regressive shoreline toaje(Olariu & Bhattacharya, 2006).

5.6 Palaeogeographic Reconstructions

Figure 5.13 shows a series of interpreted palaaggpbic reconstructions for the prograding
Standardville (Ab1) shoreline. The reconstructians not unique, but they honour all of the
outcrop data and they are based on geomorpholagthsedimentary processes observed in
modern wave-dominated deltas. Each reconstructiows a specific stage of the shoreline

progradation history, as indicated by a changeoss:sectional shoreline trajectory.

The palaeogeographic reconstructions portray aeiherthat was supplied with sediment by

both fluvial discharge and alongshore littoral ents, as suggested by evidence detailed in the
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facies descriptions. River outlets changed thesitmms due to avulsion, which may have been
forced by autogenic processes and/or by risingivel@ea-level. Reconstruction of the fluvial
drainage network, and thus the sediment supplyjngushoreline progradation is not
straightforward because the three-dimensional gaymé the channel network(s) is sparsely
sampled by the outcrop datatset. Indeed, poor exposf coastal plain deposits, including
peats that later formed coal seams, presents daegt uncertainty in these palaeogeographic
reconstructions. It should also be borne in mingt tihe palaeogeographic reconstructions
portray only a small (c. 30 km) stretch of the gfioe, which may form part of a much larger

wave-dominated deltaic system (Hampson & Howel03)0

Figure 5.13A shows the earliest increment of prdgtian, with the shoreline portrayed as a
strandplain. This progradational increment corresisoto facies architecture zone 1 (Fig.
5.12), which is interpreted to record a normal-esgive shoreline trajectory. Multiple beach-
ridge sets are inferred, reflecting local rearranget of the shoreline morphology in response
to fluvial channel avulsion outside of the studyeaar Palaeocurrent data suggest strong
southerly transport of sand by longshore curremtthe upper shoreface (Fig. 5.6A). Figure
5.13B illustrates a possible rearrangement of boeedine caused by the first period of forced-
regressive shoreline trajectory, interpreted witlaicies architecture zone 2 (Fig. 5.12). Minor
fluvial incision associated with the forced regressnay have helped to create a weakly lobate
shoreline, because distributary channels were dé$s to avulse to new locations. Some
unidirectional current indicators are observed initthhe lower shoreface directly offshore of
the distributary channels (e.g. at Cordingly Canyeig. 5.2C). Southerly directed longshore
currents remained important, as indicated by palagent data from upper shoreface deposits
(Fig. 5.6A). The next increment of shoreline pragigon (Fig. 5.13C) is interpreted to record
re-establishment of a strandplain within the stadya, and corresponds to the lower part of
facies architecture zone 3 (Fig. 5.12), which rdeca normal-regressive shoreline trajectory.
Avulsion of the fluvial channel and deltaic distrthries allowed erosion of the abandoned
delta lobe, and reworking of the shoreline into arenlinear shape. Avulsion may have been
promoted by the rising relative sea-level thatesorded by the normal-regressive shoreline

trajectory of this zone.
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Figure 5.13: Sequential cartoons illustrating pddsi palaeogeographic development of the

Standardville (Ab1) parasequence within the studaaEach palaeogeographic map is linked
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to a cross-section along regional depositional dipset) that shows an interpretation of
shoreline trajectory. (A) Normal regression of adar strandplain, corresponding to facies
architectural zone 1 in Figure 5.12. (B) Forced megsion of a near-symmetrical wave-
dominated delta lobe, corresponding to facies dsattural zone 2 in Figure 5.12. (C)
Avulsion of the river channel during a second periof normal regression caused
abandonment of the delta lobe and re-establishnoérda strandplain, prior to (D) forced
regression of a new, asymmetrical wave-dominatéd éisbe (facies architectural zone 3, Fig.
5.12). (E) As the asymmetrical wave-dominated del@ developed, a fluvially-dominated
bayhead delta prograded southward into the shelt@m@mbayment (facies architectural zone 4,
Fig. 5.12). (F) A retreating barrier shoreline waeeated during abandonment and subsequent

transgression of the wave-dominated delta system.

Figure 5.13D shows a possible palaeogeography feecand period of forced-regressive
shoreline trajectory, corresponding to the uppet phafacies architecture zone 3 (Fig. 5.12).
The reconstruction shows a strongly asymmetricaleadominated delta lobe, which formed
due to a combination of southerly directed longshourrents and establishment of a fluvial
distributary channel to the north of the outcrofi.déamola & Huntoon (1993) suggested that
this re-organisation of the shoreline morphologyswarced by falling relative sea-level.
Fluvial discharge was then deflected southward mtsheltered embayment, possibly as a
result of channel branching or avulsion (Fig. 51 3Bplying the establishment of a wave-
dominated, sandy spit on the southeastern (dovindrdrgin of the deltaic shoreline. Fluvial-
dominated delta front deposits are interpretecesult from rapid southerly progradation of a
lobate bayhead delta into the sheltered embaynmeht@respond to facies architecture zone 4
(Fig. 5.12). Although this scenario is consistenthwthe recent evolution of modern
asymmetrical deltas (e.g. the Danube delta; BHadtga & Giosan, 2003), it is not unique. An
alternative would involve the sheltered embaymenirig formed behind previously flooded
palaeo-topography in the northern part of the starBa, perhaps in response to the rapid
relative fall of sea level interpreted from theviki-dominated delta-front architecture by
Kamola & Huntoon (1992, 1993). Subsequently, thi#&e prograding wave-dominated deltaic
edifice was abandoned, and its top was transgedgsevoded by a retreating barrier shoreline
(Fig. 5.13F).
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5.7 Discussion: Intra-Parasequence Architecture as a Ta to Refine

Sequence Stratigraphic Interpretations

Shoreface-shelf stratigraphy at intra-parasequeoale is more complex than is represented in
current, widely applied facies and sequence stagilgc models. Conventional sequence
stratigraphic analysis relies on the robust idematifon of sequence boundaries and flooding
surfaces, combined with an interpretation of pajyasace stacking patterns. This approach
implicitly assumes that parasequences have awvehatuniform internal facies architecture
with limited lateral variability, such that they cad relatively constant environmental
conditions over tens to hundreds of thousands afsyeHowever, modern wave-dominated
shorelines show important geomorphological andigtephic variability due to more frequent
changes in environmental conditions over tens tmghnds of years. Thus questions arise
concerning the robustness of sequence stratigrapiieipretations that do not consider intra-
parasequence variability and associated variationsnvironmental controls at short time-
scales. Stratigraphic analysis at intra-parasecuusoale can help to improve the robustness of
sequence stratigraphic interpretations, by morarigl@listinguishing short-term and long-term
stratigraphic variability in response to environt@controls. The analysis presented above of
the Standardville (Abl) wave-dominated shorefasdfgharasequence and “stranded” fluvial-
dominated delta-front parasequence provides a gaadple of how an intra-parasequence-
scale approach can significantly improve a preteggs stratigraphic framework at

parasequence scale, as explained below.

The parasequence-scale sequence stratigraphipretistion of Kamola & Huntoon (1992,
1993) suggested that (1) the wave-dominated slomedaelf deposits of the Standardville
(Abl) parasequence and fluvial-dominated deltatfrdeposits of their “stranded lowstand”
parasequence are genetically unrelated, (2) a segumundary can be positioned at the base
of channel-fill bodies that erosively overlie thstranded” delta-front deposits, and (3) the
fluvial-dominated delta-front deposits were depasitluring a rapid relative fall of sea level.
Our analysis of intra-parasequence stratigraphichi@cture allows more detailed
reconstruction of temporal variations in shorelimajectory and palaeogeography, which

provide greater insight into these three aspectisenf interpretation.
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(1) The analysis presented here shows that thesenwanajor change in water depth between
the wave-dominated shoreface-shelf deposits andluki@l-dominated delta-front deposits,
such that they are not separated by a floodingaserfbut instead belong to the same
parasequence. The downlap surface observed bethedwo successions can be more simply
attributed to spatial differences in sedimentarycesses and associated geomorphology (e.qg.
clinoform dip, orientation and plan-view geometaypng the same prograding shoreline. The
shoreline re-orientation that occurred across thenthp surface most likely reflects the
avulsion of fluvial and distributary channels. Howg similar channel avulsions and
associated shoreline re-orientations can be irggegdrwithin the wave-dominated shoreface-
shelf deposits across bedset boundaries, espettiabg associated with a change in shoreline
trajectory, which likely correspond to beach-ricsgs- boundaries (Hampsaet al., 2008,
Sgmmeet al., 2008). The different stratigraphic expressionsthef shoreline re-orientation
arise because the fluvial-dominated deltaic shogelvas deposited in sheltered embayment
protected from wave influence (e.g. on the downdiiink of an asymmetrical wave-
dominated delta), whereas the wave-dominated sherglas subject to wave erosion and
sediment reworking once abandoned (e.g. on theifugldmk of an asymmetrical wave-
dominated delta). Thus, the entire fluvial-domidatelta-front succession (zone 4 in Fig.
5.12) can be considered as equivalent to a bed#@hwhe wave-dominated shoreface-shelf

deposits.

(2) The stratigraphic architecture of the fluvialndinated delta-front deposits may reflect
deposition during a relative sea-level fall, buhitar forced regressive shoreline trajectories
are interpreted within parts of the wave-dominathdreface-shelf deposits (e.g. within facies
architecture zone 2, Fig. 5.12). Consequently, d@tesional bases of channels cut into the
fluvial-dominated delta-front succession do notehayeater stratigraphic significance than
those cut into wave-dominated shoreface-shelf desposnd the former do not represent a

sequence boundary that can be correlated regionally
(3) The rapid southward progradation of the flimdaminated delta front does not require a

rapid relative fall of sea level as a driving medken, but more likely resulted from large

volumes of fluvially derived sediment being depedibver a short timescale within a confined
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embayment lacking significant wave influence. Alamgvave-dominated shoreline, sediment
supplied via a river outlet is dispersed by alomgsHittoral currents, resulting in less localised
and slower shoreline progradation. This contrdsistilates how the response of different
depositional systems can distort the underlyingirenmental signal, in this case sediment
flux, and therefore how a sequence stratigrapherpnetation can become biased when high-

resolution palaeogeographic and process-regimeiwolare not considered.

5.8 Summary

Quantitative intra-parasequence stratigraphic pmétation and geomorphological analysis
applied to the Standardville (Abl) parasequencastiates that internal variability and
geomorphological structure in an ancient asymmatiave-dominated deltaic parasequence
is comparably complex to those of analogous modeltas. Such complexity may need to be
considered explicitly when interpreting the stregjghy and/or rock property distributions
within petroleum reservoirs, for example. This studs enabled the revision of an existing
parasequence-scale sequence stratigraphic frameawdhkee important respects: (1) wave-
dominated shoreface-shelf and fluvial-dominatedad&bnt deposits have been reinterpreted
as part of the same asymmetrical wave-dominateidgdarasequence, rather than as two
independent parasequences, (2) a sequence boyméargusly interpreted at the top of the
delta front deposits has been reinterpreted to havg local significance, and (3) the
Standardville parasequence records overall sherglingradation characterised by alternating
periods of normal regressive and forced regressinegeline trajectory. The approach used in
this study is complementary to conventional seqeestatigraphic analysis, and presents the
advantage of considering short-term and long-teamations in environmental controls, and
the effect of sedimentation style on preservatibrihese controls. In the next chapter, the
stratigraphic inverse and forward modelling apphodescribed in Chapters 2 to 4 will be used
to assess the robustness of this interpretationtaraid in distinguishing the role of these
temporal variations in environmental parametersvéicer, following this study, it is now clear
that the numerical scheme cannot be applied tavtiide wave-dominated deltaic succession

of the Standarville parasequence. The two-dimeasiooross-sectional approach of the
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numerical scheme cannot simulate the effects ofetihe re-orientation and of changes in
progradation direction that occurred during depmsiof the fluvial delta front successions.

Furthermore, the processes of fluvial-dominatedagtelsedimentation cannot be modelled in
the specific “process-based” forward model of BARSIvhich is designed to simulate fair-

weather and storm wave processes approach (Clgpienerefore, in the following chapter, |

will apply the stratigraphic inverse and forwardaithm to the wave-dominated part of the
Standardville parasequence (zones 1-3 in Fig. Fig%.13A, B, C and D), which contains the
required limited variability in shoreline orientai and processes. This first application of the
numerical modelling scheme to a real dataset will #® understand the mechanisms driving
cross-sectional changes in shoreline trajectory smdpredict intra-parasequence wave-

dominated stratigraphic architecture from the ditdsscribed above.
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Chapter 6

6 First Application: Stratigraphic Inverse and
Forward Modelling of the Wave-Dominated
“Standardville” Parasequence of the

Aberdeen Member.

Abstract

In this chapter, | will present the first applicati of the stratigraphic inverse and forward

modelling algorithm to a real dataset: the firstgsaquence (Ab0O) and the wave-dominated
part of the second parasequence (Abl) of the Aerdidéember of the Blackhawk Formation

(Book Cliffs, Utah, USA). In this first case-studiy)e aim of the inversion is to infer the

relative sea level, sediment supply, wave heightrand fallout histories from the thicknesses
and grain-size signals of eight vertical sectionsvipusly logged in the field. The inverse

modelling approach successfully reproduces thesgsebsatigraphic architecture of the two

progradationally stacked parasequences as welleagross internal architecture of the second
parasequence (Standardville, Abl parasequencd)inwtihe constrained location. Of equal

importance, the inverse results confirm and qugitité qualitative stratigraphic interpretations
presented in chapter 5, but with less constraimata. This work can be partly found in

Charvin et al. (2008d).
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6.1 Introduction

Modern regressive, wave-dominated linear shorelarescharacterised by the prevalence of
reworked sediment supplied by alongshore littorafrents from wave erosion of older
shorelines. In these systems, sedimentation is Ilynaontrolled by the dual action of fair-
weather and storm wave processes. During stornogeerihe shoreface is eroded and the
remobilised sediments are either transported ofésbo into back-shore environments. During
fair-weather periods, the shoreface system recomaassteepens as sand is fed back to it by

asymmetrical shoaling waves and associated longshdt currents.

Ancient regressive wave-dominated deposits are camympreserved as a coarsening-up
facies succession which records progressive shiaipof water depth (i.e. the parasequence of
Van Wagoner et al., 1990). Each parasequence gedapy a condensed marine shale that
records flooding of the sedimentary environmem. fihe flooding surface of Van Wagoner et
al.,, 1990) and is generally interpreted to resudtrf a regional transgressive and regressive
cycle with a period of approximately 200° years. The sandstone-dominated character of
these parasequences often obscures complex intsimagigraphy which reflects shoreline
evolution over shorter timescales {@'years). Much of this internal variability is expsed

by multiple clinoforms surfaces that are interpdet® represent remnants of the shoreface/shelf
profile. Clinoforms are marked by minor stratigragptliscontinuities which bound successions
of thin (1-10'm) genetically related beds referred to as bedskts Wagoner et al., 1990).
Hampson (2000) and more recently Hampson & Sto2863), Storms & Hampson (2005),
Sgmme et al. (2008) and Charvin et al. (2008c) aherued two types of clinoformal

discontinuity surfaces: non-depositional and emeidiscontinuities.

Non-depositional discontinuity surfaces bound upla@rarsening bedsets within lower
shoreface and shelf deposits. They are interprétethe characteristic of a decrease in
sedimentation rate which may be associated witHadive rise in sea level and/or a decrease in
storm energy. Their formation is related to therns@gements of shoreline geometry due to
erosion/deposition of beach ridges and beach age (Hampson, 2000; Hampson & Storms,
2003; Storms & Hampson, 2005; Sgmme et al., 20@&p$on et al., 2008).

138



Inverse and Forward Modelling of Stratigraphy

Erosional discontinuity surfaces bound upward-finbedsets within lower shoreface and shelf
deposits. They are characterised by erosion, andcagase in storm event bed amalgamation.
They are interpreted to record a lowering of thermt wave base in response to a more
energetic storm climate and/or a minor relativé ifakea level (Hampson, 2000; Hampson &
Storms, 2003; Storms & Hampson, 2005).

The distributions of the clinoform surfaces andhe facies association belts that they bound
record the detailed migration of the shorefacefspedfile during progradation (shoreline
trajectory sensuHelland-Hansen & Martinsen, 1996). In fact, zooésstrong progradation
within the parasequence (associated with the “dtpmsng” of facies belts and amalgamation
of successive erosional discontinuity surfaces)ehlagen interpreted to record episodes of
“forced” regressiongensuPosamentier et al., 1992). In contrast, zonedrohg aggradation
within the parasequence (characterised by verttatking of bedset bounded by non-
depositional discontinuity surfaces) have beenrpméted to record episodes of “normal’
regressiongensuPosamentier et al., 1992). Clinoform distributiennterpreted to be related
to local variations in basin parameters (e.g. nedasea level, sediment supply and wave
regime) superimposed on regional regression (St&ridampson, 2005). Thus, the analysis of
their spatial distribution provides a tool to assexsplicitly the short- and long-term variation in

these environmental parameters.

To date, intra-parasequence variability in wave-mhated shoreface-shelf deposits has been
reported by several workers (Campbell, 1979; V&a$890; O’'Byrne & Flint, 1995; Pattison,
1995; Jennette & Riley, 1996; Olsen et al.,, 199@midson 2000; Seidler & Steel, 2001;
Hampson & Storms, 2003; Hampson & Howell, 2005;r@® & Hampson, 2005; Sgmme et
al., 2008; Hampson et al, 2008, Charvin et al.,80)0but such variability is still rarely
considered when applying sequence stratigraphicadst In fact, parasequences are still
commonly regarded as the “building blocks” of sewtpee stratigraphic interpretation (Van
Wagoner et al., 1990; Kamola & Van Wagoner, 198fjjough complementary analysis of
intra-parasequence facies architecture providese mobustness by considering the entire
environmental signal over a wider range of timdescaHowever, it is clear that this technique
is limited by data quantity and quality. Moreovéryelies on understanding of the driving

mechanisms creating the discontinuity surfaceschvitiannot be determined directly from
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modern analogues because of the temporal scalelweal Although their formation has been
successfully investigated from several field exasa@nd from numerical forward modelling
experiments using BARSIM (Storms & Hampson, 2008m&e et al., 2008), the range of
interactions between the causative mechanisms aadtification of their relative influence

have not been fully investigated. Hence, mathembatioversion represents a means to
reconcile the theoretical forward model with obsergeological data and thus to infer driving

mechanisms at intra-parasequence scales.

Therefore, in this chapter, | will present an apgdiion of the stratigraphic inversion scheme to
the first and second parasequences (respectively aiad Abl) of the Aberdeen Member
(Blackhawk Formation, Book Cliffs, Utah) that wetescribed in the previous chapter, with a
special focus on the well-constrained internal éecture of the wave-dominated part of the
Standardville Parasequence (Abl). The aims of wosk are threefold: (1) to test the
applicability of the numerical scheme to a reakdat, (2) to infer environmental parameters
(e.g. relative sea level, sediment supply, wavewe@nd mud fallout rate) and their respective
uncertainty from the observed data, and (3) to iptedcies distributions. The chapter is
structured so that after having presented the gewlbsetting and dataset in parts 6.2 and 6.3,
the modelling workflow is described in part 6.4 atata preparation in part 6.5. Stratigraphic
inverse and forward modelling parameterisation rissented in part 6.6 and the numerical
results and interpretations in parts 6.7 and 6.8isdussion and summary are provided in parts
6.9 and 6.10.

6.2 Geological Setting

The Upper Cretaceous Aberdeen Member of the Blagkhaormation is exposed in the
northern part of the Book Cliffs of Central UtahSA). The Aberdeen Member comprises five
wave-dominated shoreface-shelf parasequences hathupper two truncated by an incised
valley network (Kamola & Huntoon, 1995). This studgcuses on the two oldest
parasequences of the Aberdeen Member, respectilabglled AbO and Abl (or

“Standardville” parasequence), and especially esipha the internal stratigraphic architecture
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of the Standarville parasequence. The overall nitgtaf shoreline progradation for these two
parasequences is about 35 km (Fig. 6.1).

Figure 6.1: Dataset location. Map showing the dizition of cliff-face exposure, measured
sections collected in the field, a subset of theeasured sections that was used to constrain
the stratigraphic inversion, and locations of thetalled cross-section shown in Figure 6.2 and

investigated by stratigraphic inversion.

The Standardville parasequence contains wave-dosdinghoreface-shelf and fluvial-
dominated delta front deposits. The wave-domingtad of the Standardville parasequence
can be traced from near its palaeo-landward tetiomat Gordon Creek to its palaeo-seaward
termination at Alrad Canyon (Figs. 6.1, 6.2). ltcomls a single episode of easterly
progradation of a generally north-south trendingreline fed by a strong southerly transport
of sand by longshore currents. lIts distal padverlain across a downlap surface by southerly
prograding fluvial-dominated delta-front depositsigh-resolution stratigraphic analysis of
these deposits reveals that they record a singé®@p of shoreline progradation characterised
by alternating periods of normal regressive andddrregressive shoreline trajectory and that
four geographical zones can be recognised as & (Bgy 6.2): (1) west of Panther Canyon,
(2) between Panther Canyon and Cordingly Canyoh,b&@ween Cordingly Canyon and

Deadman Canyon and (4) east of Deadman Canyon. dloagressive shoreline trajectories
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within the wave-dominated shoreface-shelf dep@si.smarked by aggradational stacking of
bedsets bounded by non-depositional discontinuityfases, interpreted to record the
deposition of beach ridge sets (Zone 1 and lowsdrgiaZone 3 in Fig. 6.2; Fig. 6.3). Forced
regressive shoreline trajectories in the same dspae characterised by shallow incision of
fluvial distributary channels and strongly progrémiaal stacking of bedsets mainly bounded
by erosional discontinuity surfaces that recordagcled wave-base scour (Zone 2 and upper
part of Zone 3 in Fig. 6.2; Fig. 6.3). Fluvial-dorated delta-front deposits record the
regression of a bayhead delta into a sheltered ymdya lacking wave influence (Zone 4 in
Fig. 6.2; Fig. 6.3). The wave-dominated shorefdeddfsand fluvial-dominated delta-front
deposits have been interpreted to represent resgglgcthe updrift and downdrift flanks of a
single asymmetrical wave-dominated delta that igratterised by highly active wave and
fluvial processes (Fig. 6.3). On its updrift flathe delta resembles a strandplain as wave
processes are dominant, whereas on its downdaifikflthe fluvial sediments are protected
from wave reworking and thus preserved (e.g. EJlibd86; Domingueet al, 1987; Boydet

al., 1992; Bhattacharya & Giosan, 2003, Bhattachary@6 0

6.3 Dataset

The inversion scheme has been applied to thedindtsecond parasequences of the Aberdeen
Member (Fig. 6.2), with the aim of quantifying tha@rameters that represent the causative
mechanisms responsible for the complex internadtignaphic architecture of the wave-
dominated part of the Standardville parasequendel)APrevious stratigraphic analysis
demonstrates that the limited along-strike varigbdf such shoreface-shelf deposits and their
wave-dominated character satisfy the requirementiset investigated by numerical scheme.
However, the fluvial-dominated deltaic successiepresenting the downdrift flank of the
asymmetric wave-dominated delta will not be inged by the modelling technique. This
choice has been motivated by two reasons. FirtsidyBARSIM algorithm was not designed to
model fluvially driven shallow-marine deltaic preses. Secondly, the two-dimensional
approach of the numerical scheme can not accounthi® drastic changes in shoreline
orientation and progradation direction that ocadirckiring the deposition of this fluvial-

dominated deltaic succession (Fig. 6.3).
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Figure 6.2: Correlation panel of the first (AbO) and second (Standardville, pdwHsequences of the Aberdeen Member. The panel is aligned parallelaiwatedgpositional dip and shows measured cross-sections
used to constrain the straigraphic inversion. The location of the panelusmahd=igure 6.2. The datum surface for the section is the base ocdaheeam that caps the Standardville (Ab1) parasequence. Stratigraphic
architecture at both parasequence and intra-parasequence scales is shoear. Wwave-dominated shorelines in each parasequence prograded from wast.td he distribution of non-depositional and erosional
discontinuity surfaces that define easterly dipping clinoforms withinvihee-dominated shoreface-shelf deposits of the lower StandardWlle fArasequence has been used to define four distinct geographical zones,

each interpreted to have a distinctive shoreline trajectory. The iaresstigated by the inverse and forward modelling approach is highlighted lmashed box and comprises the wave-dominated shoreface-shelf

succession.
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Figure 6.3: Cartoon illustrating possible palaeoggaphic development of the Standarduville
(Abl) parasequence within the study area. The paleegraphic map is linked to the cross-
section along regional depositional dip (inset) tthehows an interpretation of shoreline
trajectory. The Standardville parasequence comprigave-dominated shoreface-shelf and
fluvial-dominated delta-front deposits that haveménterpreted to represent respectively the
updrift and downdrift flanks of a single asymmettisvave-dominated delta. The shoreface-
shelf deposits prograded eastward wherease theaflwlelta front deposits prograded

southward.

The stratigraphic analysis and correlation panes@nted in Figure 6.2 have been realised from
a complete dataset comprising 16 measured loggerse and a complete set of interpreted
cliff face photomontages (Chapter 5). However tfis application, the numerical scheme will
be constrained only by 8 measured logged sectligs.(6.1, 6.2). The choice of conditioning
data has been motivated by two reasons. Firstlgeasonstrated in Chapter 4, the observed
data quantity is not the most important criterion donstraining stratigraphic inversion,
provided that the available data captures as nmfohmation as possible about the complexity
and history of the depositional system, which is tase for the selected data. Secondly,

increasing the amount of data will not always léadbetter constraint of the inversion. On the
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contrary, such data may add more noise, becautige afffect of projecting these additional
data into the cross-section. As a result, the mdait data may complicate the convergence
process by perturbing the main signal informatibime eight selected logged-sections cover 17
km (from Gentile Wash to Deadman Canyon) alongasssection oriented along regional
depositional dip and extending from Gordon CreelCtial Creek (Fig. 6.1). In this cross-
section, no data are available to constrain thagmalandward stratigraphy cropping out from
Gordon Creek to Gentile Wash (Fig. 6.1). The gjraphic inversion will not be constrained
by thickness curves calculated for a specific igraphic interval, but only by the thicknesses
of each logged section. These sections are disadbrelatively uniformly and with close

spacing (1-3 km) over the studied area.

6.4 Modelling Workflow

The workflow adopted in this first application caated of the following steps:

(1) Attributing numerical grain-size values to the gat$ logged in the field.

(2) Decompacting the sedimentary succession in eacbureghlogged section.

(3) Designing the initial physiographic cross-sectioroffe on which sedimentation
occurred.

(4) Parameterisation of the stratigraphic inverse amdidrd numerical method by adding
geological prior knowledge.

(5) Running the stratigraphic inverse and forward aigor.

(6) Post-processing the output data before interpoetati

6.5 Observed Data Preparation and Errors Estimation

6.5.1 Grain Size Estimation

Grain sizes of the different facies associationscdeed in Chapter 5 (Table 5.1) have been

determined qualitatively in the field by using Wientth’'s (1922) nomenclature. The first step
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of data preparation consisted of transforming datahe field descriptions into numerical
values and then estimating errors on these valli@s. process has been conducted for the
qualitative field description of each facies asaben (Chapter 5, Table 5.1) by taking the mid
point between the minimum and maximum values dedirthe corresponding grain-size class
in Wentworth’s (1922) nomenclature. Errors on thesleies have been estimated by using the
range of variation between the minimum and maxinvataes for a particular grain-size class.
Assuming that error distributions are Gaussianiredron the estimated values, and that 100%
of the possible numerical values are containediwithis range (i.e. the grain-size range is
more or less equal to the interval [Mean — 3xSTaM + 3xSTD]), the standard deviations
(STD) of these error distributions have been edechdy dividing the ranges by six. Results

are summarised in Table 6.1.

Facies association  Qualitative grain- Grain diameter Modelled Estimated
size description (Wentworth, 1922) grain errors (STD)
Min. (mm) Max. (mm) diameter
Foreshore (FS) Upper fine-grained 0.125 0.170 0.147 0.0075
sandstone
Upper shoreface  Upper fine- to 0.125 0.210 0.167 0.014
(USF) medium-grained
sandstone
Proximal lower Upper fine-grained 0.125 0.170 0.147 0.0075
shoreface (pLSF) sandstone
Distal lower fine-grained 0.060 0.125 0.092 0.01
shoreface (dLSF) sandstone
Siltstone and 0.002 0.030 0.016 0.0046
mudstone
Offshore transition Siltstone to very 0.010 0.060 0.035 0.0083
(oM fine-grained
sandstone
Mudstone 0.001 0.005 0.003 0.0006

Table 6.1: Grain size numerical values and estimhaeors.
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6.5.2 Decompaction

The BARSIM forward model of stratigraphy does notclude a dynamic compaction
algorithm, therefore the measured sections havsetdecompacted prior to the stratigraphic
inversion process. Compaction effects during sediat®n, due to sediment’s own load, also
cannot be simulated. As a consequence, the inferenthe environmental parameters will be
systematically but slightly overestimated. To depant the investigated strata, the maximum
burial depth had to be estimated. Nuccio & Rob&@6903) used vitrinite reflectance data to
estimate a maximum burial depth for the top ofNt@ncos Shale (Fig. 5.2, Chapter 5) equal to
11000 feet (3700 m). Therefore, it is reasonablafer that the maximum burial depth for the
Aberdeen Member was 4000 m. Based on this valeesttidied stratigraphic interval has been
decompacted using the porosity/depth relation diyAL930) calibrated by exponents derived
from Sclater & Christie (1980) (Table 6.2).

Lithology Surface porosity Porosity-depth coefficient
%o c(km™)

Shale 0.63 0.51

Sandstone 0.49 0.27

Shaly sandstone 0.56 0.39

Table 6.2: Compaction exponents derived by Sck&t€hristie (1980) for different lithologies

from North Sea sub-surface data.

To assess uncertainty on the decompaction prosessral maximum burial depths (3700,
4000 and 4300m) as well as several exponent veloleined by perturbing Sclater &
Christie’s, 1980 original exponents) have beenetestor each measured section. The
decompacted thickness of the entire cross-sectisegd as observed data in the likelihood
function, has been set to be equal to the averbte wvalues obtained from the different tests.
The standard deviations calculated from these sdtage been used as measurement errors in

the likelihood function. Results are summarisedable 7.3.
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Logged sections Total measured Averaged decompacted Standard deviations (m)
thickness (m) thickness (m)

Gilson Gulch 42.4 715 15

Peerless Mine 41.9 70.5 15

Gentile Wash 42.1 715 1.5

Panther Canyon 38.9 72.5 2.0

Kenilworth Mine 43.3 75.5 2.0

Cordingly Canyon 45.4 77.5 15

Alrad Canyon 46.7 83.0 2.5

Deadman Canyon 37.9 73.0 2.0

Table 6.3 Initial measured and averaged decompattéal thickness of the Standardville

parasequence at each logged section.

6.5.3 Initial Topographic Profile Design

Specifying the initial physiography of the crosstg& on which sedimentation occurred
(initial condition parameters of BARSIM, Chapter 2.2.2.3) is an important stage in the

inverse and forward modelling workflow. This staxgsisted of two steps.

(1) Reconstruction of the initial topographic profikhis step has been achieved by setting
the initial palaeo-water depths at each loggedicedbcation to be equal to the
corresponding total decompacted thickness. Thenesahave been assigned to the
numerical forward modelling grid by using lineaterpolation between the values at
each logged section location. This method assummasthe initial topography was
completely infilled during progradation of the salme, which is reasonable in the
palaeo-landward part of the cross-section where Stendardville parasequence is
capped by roots and a coal that indicate subaex@bsure (Fig. 6.2). In the palaeo-
seaward part of the cross-section that lacks ev&lensuch subaerial exposure (e.g. at
Alrad Canyon and Deadman Canyon, Fig. 6.2), thagualvater depths have been
determined by adding correction values to the td¢glompacted thicknesses in order to

account for the lack of upper shoreface and fomeslieposits. In the most palaeo-
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landward part of the cross-section (i.e. west dé@ Gulch, Fig. 6.2), where no data
are available to constrain the palaeo-topograplepn®ruction, palaeo-water depth

values have been estimated using a slope gradient.

(2) Evaluation of the underlying grain-size distributtiof the substrate. This step has been
achieved by using the grain-size values of thedbphe underlying Spring Canyon
Member at the logged section locations. Then, wahsve been linearly interpolated
into the numerical forward modelling grid from mes=d section to measured section.
This simple approach is justified by the high dgnef data coverage in the study area,
and also supports the decision to model the undegriyarasequence (AbO) in addition

to the wave dominated part of the Standardvillegaguence (Abl).

6.6 Stratigraphic Inverse and Forward Model Parameterisation

6.6.1 Stratigraphic Forward Model Parameterisation

The BARSIM forward model grid comprises 300 cells 1®0 m each in the horizontal
direction. Vertical grid resolution is self-generataccording to the thickness of sediment
deposited. Each member of the Blackhawk Formatmmasents an approximate duration of
0.5-0.6 Ma (Fouch et al., 1983). Therefore, sedtatem was simulated with BARSIM over a
period of 125,000 years (comprising the estimate@tibn of the AbO parasequence and of the
wave-dominated part of the Abl parasequence), withinimum recurrence period of 100

years for major storm events.

Mud fallout rate, relative sea level, sediment dyamd wave regime will be inferred by the
stratigraphic inverse scheme. The mud fallout patamrepresents the mud deposited by
suspension independently from the mud added byslworg drift currents and directly subject
to offshore transport. Mud fallout is simulatedngsa uniform rate imposed across the whole
shoreface-shelf profile during fair-weather coratis. Prior stratigraphic study of the

Aberdeen Member (Chapter 5) showed that no majoictstral events occurred during the
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deposition of the “Standardville” parasequence. r&fwee, the differential subsidence rate
module of BARSIM has been switched off. The initamposition of sediment supplied by
longshore drift currents is one of the internal diban parameters of BARSIM (Chapter 2;
§2.2.2.3), and was determined as explained belomaly&is of the grain-size distribution
within all the logged sections shows that the Ililgeccal composition of the Standardville
parasequence is mainly an association of uppergiiamed sandstones and shales, with
overall estimated values of grain diameter of adolil®Opum and 3pum, respectively (Table 6.1).
This analysis, combined with the decompacted tl@skas of sandstones and shales (cf. Table
6.2), was used to set the initial composition of gediment supplied by longshore drift
currents as a mixture of 75% shale (3um grain diapend 25% upper fine sand (160pum

grain diameter).

Internal Parameters External Parameters

Initial condition parameters

Maximum erosion rate [m/y] 25

Power for erosion scaling: shoreline — wave bgse [t.0 Grain size (shale class) [um] 3
Sediment travel distance correlation event [-] 3.0 Grain size (Sand class) [um] 160
Sediment travel distance correlation shoreface [-] 1.0 Supply composition (% of sand) 25
Maximum height and width of the barrier [m] l.5em6

Table 6.4: BARSIM parameterisation.

Other internal parameters of BARSIM (Chapter 2,2823) have been determined through
preliminary tests (“sediment travel distance catieh event”, “sediment travel distance
correlation shoreface”) or by using default val{gsower for erosion scaling: shoreline —
wave base”, “maximum erosion rate”, “maximum heigimd width of the barrier”). The
maximum erosion rate is independent of the sulestpmoperties. The parameter labelled
“power for erosion scaling: shoreline — wave basef constant that represents the dependence
of erosion rate on water depth. The “sediment trdigtances correlation event” and “sediment
travel distances correlation shoreface” parameterount for local variability in sediment

transport during storm and fair-weather conditiorespectively. These two parameters are

150



Inverse and Forward Modelling of Stratigraphy

constant values that are used to match specifial locastal settings for the estimation of
sediment travel distance to the characteristicnsedi deposition curves of Guillén & Hoeksta
(1996). Higher values of these parameters resudediment transport over longer distances.
Both parameters have been chosen on the basiglohipary tests, such that convergence of
the inverse numerical solutions was achieved mapidly and such that the obtained
geometries were sedimentologically realistic andigidy concordant with the observed

stratigraphy. Values are summarised in Table 6.4.

6.6.2 Inverse Method Parameterisation

The strategy developed to solve this stratigrajphverse problem combines three Reversible
Jump samples, one fixed dimension MCMC sampler @mel simulated Tempering sampler
linked in a Hybrid sampler (Chapter 3; Mariani &riBa 1992; Geyer & Thompson, 1995;

Green, 1995; Gilks et al., 1996; Denison et alQ20Brooks et al.,, 2003; Charvin et al.,

2008a). Details are compiled in Table 6.5.

MCMC-based sampler BarSim environmental input parameters
Reversible Jump MCMC Relative sea level curve

Reversible Jump MCMC Sediment supply curve

Reversible Jump MCMC Wave height curve

Fixed Dimension MCMC Mud fallout rate (shoreface)

Simulated Tempering “Temperature” scheme

Table 6.5 MCMC-based samplers and their applicatio BarSim input environmental
parameters. The fixed dimension MCMC sampler aordeal with the time-independent mud
fallout rate input parameter of BARSIM, whereas REMCMC samplers are applied to time
dependant curves that described the other inputampaters of BARSIM. The Simulated
Tempering sampler is designed to deal with multitah@osterior probability distribution (i.e.
non-uniqueness of the inverse problem). The inmerscheme was run for 200,000 forward

modelling iterations in order to fully explore thedel parameter space.
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Figure 6.4: Environmental parameter prior probabyli distributions for the Abderdeen
Member case study. (A) Cartoon illustrating thedtdependent Gaussian prior distribution of
relative sea level history. (B, C and D) Uniformaqprdistributions respectively for sediment

supply, wave regime and mud fallout rate.

Based on the stratigraphic analysis presented apteh 5, it was decided to use a time-
dependent Gaussian distribution as prior infornmafar the relative sea level history. This
distribution, in which both the mean value and gtad deviation vary with simulated time of
sedimentation, is presented in Figure 6.4. Theeigdrshape of this prior distribution and

especially the steep rise in relative sea levelbmsed on the interpretation of a flooding
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surface that separates the two parasequences AbR\l@h For the sediment supplied by
longshore drift currents, the wave regime and tluel fallout rate, minimal prior information
was used, such that values of these parametersalecated uniform probabilitiea priori
between 0-80 Ay, 1-7 m and 0-0.1 cm/y, respectively. The rarafesossible variation in
sediment supply and mud fallout rate have beenerhas be sufficiently wide that prior
knowledge does not over-influence the inversioterms of the quantity of sediment preserved
in the cross-section. In fact, constant sedimepplsuand mud fallout rates of 80%y and 0.1
cm/y would provide much more sediment that is prese the cross-section, and thus these
values are reasonable upper limits for the tworpetars. The range of possible variation in
fair-weather wave height has been chosen arbyrabilit is again broad enough that the
assumed prior knowledge does not dominate the siorer Although 7 m is the upper limit of
fair-weather wave height considered by the inversgiorm wave heights which are drawn
from fair-weather wave height by the stochastic ponent described in Chapter 2 are not
limited by any prior knowledge and thus can be wgrethhan 7 m. Generally, higher storm wave
heights correspond to higher fair-weather wave HisigDuring the inversion process,
environmental model parameters have been pertubye@Gaussian proposal distributions

centred on their current values. Details are pteseim Table 6.6.

Parameters Prior Proposal variance Proposal variance
distribution Fixed dim. jump Trans-dim. jump
Relative sea level - Sea level values time-dependent 1.5m 2m
Gaussian
- Time values 1-125000yrs 200 yrs 100 yrs
Sediment supply - Supply values 0 - 80 nfly 1.5 nfly 5 nfly
- Time values 1-125000yrs 200 yrs 100 yrs
Wave height - Wave height values 1-7m 0.5m im
regime - Time values 1-125,000yrs 200 yrs 100 yrs
Mud fallout - Fallout rate values 0-0.1cmly 0.001 cm/y NA

Temperature level 3 levels: T={1,2,3}

Table 6.6: Prior and proposal distributions forlagve sea level, sediment supply, wave

height regime and mud fallout parameters. Sedinseipply, wave height regime and mud
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fallout parameters are allowed to vary uniformlytween minimum and maximum values
summarized in the second column. Candidate modelnpeters are drawn from Gaussian
distributions centred on the current parametersrisgfaces defining the Gaussian proposal
distributions for fixed dimensional and trans-direemal perturbations are presented in the

third and fourth columns, respectively.

Figure 6.5: Estimated depositional ages attributedhe top of Gilson Gulch, Panther Canyon,
Cordingly Canyon and Alrad Canyon logged sectidtech age has been estimated assuming
a constant progradation rate and direction over thmulation time period, such that they

increase linearly in a palaeo-seaward direction.

Models parameters for initialising the Markov chaiare not chosen randomly but manually,
sufficiently close to the solution area to decreti®e burn-in period and thus computational
costs, as suggested in Chapter 4. Values for therfiodel parameters are presented with the
resulting posterior probability distribution in theubsequent analysis (Fig. 6.6). The
stratigraphic inversion was constrained by the rgsaze signal and the total decompacted
thickness of the eight measured logged sectiorthigrformulation, back-barrier deposits were
not incorporated into the likelihood function. Mata were available to constrain the timing
during of the different stages of shoreline progtexh for the AbO and Abl parasequences.

Thus estimated depositional ages were attributéldetvop of some sections (i.e. Gilson Guich,
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Panther Canyon, Cordingly Canyon and Alrad Canysnjequired by the likelihood function
formulation (Fig. 6.5). These ages have been dé&tedrby assuming a constant progradation
rate parallel to the cross-section for the two pegaences over the simulated time interval.
This approach was necessary to constrain the iioveod the time-dependant parameters (i.e.
relative sea level, sediment supply and wave regirhat relatively errors in these age
estimates (standard deviation of 2500 years) haea bssumed to allow some flexibility in the

inversion process.

6.7 Results

The results presented in the subsequent paragnaphsbeen determined with the post burn-in
period samples from the “cold” distribution (Chast8 and 4). Therefore, only about 50,000
samples, among the 200,000 available, have beehtasassemble the subsequent posterior
probability distributions. This inversion requirabout one week of computational cost on a

standard single-processor PC.

6.7.1 Inferred Posterior Probability Distributions for En vironmental Parameters

The inferred posterior probability distributionsrfdhe four environmental parameters
considered in this case study are shown in FigudeEach posterior probability distribution is
shown with the boundaries of the 95% Bayesian btednterval, the maximum likelihood
estimates and the parameters chosen as the sté@abf the Markov chain. Averaged values of
the parameters are not presented in this figures. dfioice has been motivated by the results of
Chapter 4, which show that such central estimadoesnot representative when the posterior

probability distributions are complex (i.e. multeatal distributions).

6.7.1.1 Posterior Probability Distribution of Relative Seavel

Figure 6.6A shows the inferred posterior probaptliistribution of the relative sea level curve.

The distribution clearly shows two distinct peripf®em approximately 0 to 35,000 years and
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40,000 to 125,000 years of simulated time. Thesege@riods are separated by a short interval
of rapid relative rise of sea level of about 300 between 35,000 and 40,000 years of
simulated time. The first period represents dejposf the first parasequence (AbO) whereas

the second period represents of the Standarvitiespguence (Abl).

Figure 6.6: Posterior probability distributions fadhe modeled environmental paramete#s) (

relative sea level curveBf sediment supply curveC) fair-weather wave height curve, and
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(D) mud fallout rate. The dark continuous line in leagraph is the maximum likelihood
estimate; the light grey line represents the iniirgput curve and the dash lines represent the
boundaries of the 95% Bayesian credible intervdle hackground shading represents the
posterior probability distribution (dark means hghprobability). Zones 1, 2 and 3 are time
equivalent to the geographical zones 1, 2 and 8istinctive facies architecture within the

Standardville parasequence (Fig. 6.2).

In the first period, the inference of relative #&&el is not well resolved, such that the spread of
the 95% Bayesian credible interval is wide (x20 Ti)is poor resolution can be explained by
the lack of constraint offered by the availableeked data. In fact, shoreface deposits of the
first parasequence (AbO) are only observed at tgoim part of the two logged sections
situated near its palaeo-seaward pinchout (Fig). vBreover, no data are available to
constrain the palaeo-landward part of the modelteds-section (Fig. 6.1) where parasequence

AbO is mostly preserved.

In the second period, from 40,000 to 125,000 ye&ssmulated time, the inference of relative
sea level is better constrained. The posterioraiyiiby distribution shows a relatively precise
high-frequency sea level history. The spread of Bagesian credible interval becomes
narrower (2.5 to +5 m), but still remains sigraint. This can be partly related to the
measurement errors on the decompacted thicknesdas Id fact, the standard deviations
(STD) characterising the Gaussian distributionstltdse measurement errors have been
estimated to vary between 1.5 and 2.5 m, whichesponds more or less to the spread of the
credible interval if we consider that 90% of valys®sent in a Gaussian distribution are
contained within the interval [mean - 2STD; meaRSTD]. Detailed analysis shows that this
second period corresponds to an overall relatse of sea level of about 5 to 10 m. The period
can be subdivided into three distinct shorter irat that are respectively time-equivalent to
the deposition of geographical zones 1, 2, andtBinvihe Standarville parasequence (Fig.
6.2).

The first of these shorter intervals (labelled Zdnm Fig. 6.6A), between 40,000 and 70,000

years of simulated time, is characterised by amadiveslative rise of sea level of about 5 to 10

m. The spread of the 95% Bayesian credible intededreases from +5 to +2.5 m with
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increasing simulated time: the inference of thatre¢ sea level curve becomes more tightly
constrained as the shoreline prograded towardardeedelimited by the observed data. Earlier
stages of this interval show clearly that the pasterobability distribution contains two zones
of higher probabilities. These features reveal-enbdal posterior probability distribution but
do not indicate non-uniqueness of the stratigraptverse problem, as discussed later. This
first time interval is also apparently marked bgtifrequency relative sea level variations*(10
years) highlighted by the shape of the Bayesiadilol® interval boundaries (e.g. black
arrowheads at relative sea-level highstands in &§A). These variations can be linked to
time-equivalent changes in the posterior probabdistribution of the wave height regime
(Fig. 6.6C). The second shorter interval (labelfexhe 2 in Fig. 6.6A), between 70,000 and
90,000 years of simulated time, is characterise@ Ipyonounced relative fall of sea level of
about 5 m. The spread of the Bayesian credibleviakteemains narrow (£2.5 m): the relative
sea level inference for this period is tightly doasmed. The third shorter interval (labelled
Zone 3 in Fig. 6.6A), between 90,000 to 125,000ye4 simulated time, begins with a clear
and tightly constrained period of relative riseseh level (of 5-10 m), followed by a poorly
constrained period of relative fall of sea levdl{p to 5 m) characterised by a large spread of

the Bayesian credible interval (7.5 m).

Although the inferred relative sea level historysha relatively large uncertainty, the

stratigraphic inversion process is successful stdeing high resolution variations of sea level
that may have occurred during the deposition oStaadardville parasequence. These inferred
variations are similar to the qualitative resultbtained from the intra-parasequence

stratigraphic analysis carried out in Chapter 5.

6.7.1.2 Posterior Probability Distributions of Sediment lypand Fallout Mud Rate

Figures 6.6B and 6.6D show respectively the pastgrobability distributions of sediment
supply and mud fallout rate in the shoreface-stwed. The posterior probability distribution of

the fallout mud rate (Fig. 6.6D) is unimodal ands leanarrow spread centred on values of
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around 0.01cm/y. The volume of mud added by suspetallout is very tightly constrained,

and is relatively low for this sedimentary systenitie area of the cross-section.

The inference of the sediment supplied by longshargents (Fig. 6.6B) is less tightly
constrained. In fact, the overall spread of the E#gesian credible interval is large and varies
from +5 to +20 rfiy. This spread is such that overall trends in dhiginal signal can be
determined with confidence, but not high-frequenéyw-amplitude variations. During
deposition of parasequence AbO (0-35,000 yearsimofilated time), sediment supply was
generally relatively low (0-20 ffy) with a peak value of 40 #y at around 15,000 years of
simulated time. Uncertainty for this period is krgs the spread of the Bayesian credible
interval varies from #10 to +15 #y. The major transgressive period, occurring betwe
35,000 and 40,000 years of simulated time, is charged by the second major peak of
sediment supply, with maximum values of 58/yn

During the deposition of the Standardville parasege (Abl), the supply is higher with
values situated around 20 to 36/yrin average. The intervals corresponding to thgodition

of zones 1, 2 and 3 are labelled on the sedimestepor probability distribution (Fig. 6.6B).
The first interval (labelled Zone 1 in Fig. 6.6B)ntains relatively steady sediment supply
conditions with values of around 30%fyon average. However, the spread of the Bayesian
credible interval is wide (+10 to +20%y) and the relatively uniform distribution may hid
some poorly-constrained short-term variability. Tdezond interval (labelled Zone 2 in Fig.
6.6B) is characterised by a drastic reduction idirsent supply occurring from 70,000 to
80,000 years of simulated time, which is followeadablarge and rapid rise, which is relatively
tightly constrained. This rise in sediment suppiytnues during the beginning of the third
interval (labelled Zone 3 in Fig. 6.6B) to reachximaum values of between 30 and 7yrat
around 95,000-100,000 years of simulated time. Tépesents a major peak in sediment
supply. The final part of the third interval is caeterised by a sharp fall in sediment supply
followed by constant low values. Although the spred the distribution seems to indicate
steady conditions during the latter, the detailedbpbility distribution within the Bayesian
credible interval seems to indicate a complex hystmarked by poorly-constrained high-

frequency variations in the sediment supply signal.
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6.7.1.3 Posterior Probability Distribution of Fair-Weathafave Height

Figure 6.6C shows the posterior probability disttibn of the fair-weather wave height
through time. This distribution is well constrainasl its Bayesian credible interval presents an
overall spread of only 0.5 m on average. The resatticate that the wave height regime was

low to moderate, with fair-weather wave height eslgenerally under 3 m.

During deposition of parasequence AbO (0-35,00Gsyeh simulated time), the inference of

fair-weather wave height is poorly constrained canrg to the later signal because of the lack
of observed data in the palaeo-landward part ofntleglelled cross-section. Although, the

spread of the Bayesian credible interval is sélatively low (just under 0.5 m), the precise

wave height signal is not easily extractable fréwn distribution which has a complex internal

structure. The period of transgression, from 35,60040,000 years of simulated time, is

characterised by an abrupt rise of fair-weather evaeight up to 3-4 m. This peak is

synchronous with the first peak of sediment sugpiywn in Figure 6.6B.

During the deposition of the Standardville parasege (Abl), the posterior probability
distribution of the fair-weather wave height isrexbely well constrained as the spread of its
Bayesian credible interval is under 0.5 m. The tintervals corresponding to deposition of
zones 1, 2 and 3 (Fig. 6.2) have been reportedguré 6.6C, to facilitate analysis. The first
interval (labelled Zone 1 in Fig. 6.6C) is charaisted by an overall decrease of the fair-
weather wave-height from 2 to 1.5 m on average.eMmportantly, the posterior distribution
indicates the presence of high-frequency variatexgressed by peaks of higher wave-height
values (black arrowheads in Fig. 6.6C) alternatitp short periods of lower wave-height
values situated at around 1m. These high frequsignal variations have a period of around
10" years of simulated time, and can be directly dared to coeval high-frequency cycles of
relative sea level (Fig. 6.6A): periods of highatele sea level correspond to periods of large
wave height, as shown by the black arrowheads garés 6.6A and 6.6C. Furthermore, the
peak relative sea level seems to occur slightlpteethe peak fair-weather wave height in each
cycle. The second time interval (labelled Zone Eim 6.6C) is characterised by a pronounced
rise in wave height (up to 3 m), which is synchnesievith a relative sea level fall (Fig. 6.6A)
and sediment supply rise (Fig. 6.6B). Maximum wheeght coincides with minimum relative
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sea level, whereas maximum sediment supply ocetes, lat the beginning of the third time
interval (labelled Zone 3 in Fig. 6.6C). Duringglthird interval, wave height values decrease
to 1 m at around 110,000 years of simulated tintethan rise again to 2 m. During this time
interval, wave height decreases as relative sed lses and then increases as relative sea level

falls.

The posterior probability distribution of the faueather wave-height is extremely well
constrained. The model is very sensitive to theevparameters. The posterior probability
distribution shows very high-frequency variationgair-weather wave-height, which appear to
have a complex interplay with the relative sea lldvistory and, to a lesser degree, with

sediment supply history.

6.7.2 Prediction of Grain-Size and Bed Thickness Distribtion on Cross-Section

6.7.2.1 Maximum Likelihood BARSIM Forward Realisation.

From the inferred posterior probability distribut® presented in Figure 6.6, the set of
parameters maximising the likelihood function (bisparameters) have been extracted and
used to condition one BARSIM forward realisationarder to predict grain-size and bed

thickness distribution along a cross-section. Feg@.7 presents the resulting forward
realisation (Fig. 6.7B) which can be compared estnatigraphic correlation panel (Fig. 6.7A).

In this figure, grain-size and uncompacted bedktiess distributions are compared to
compacted facies associations, which introducesesbias in direct visual comparison. For
locations situated between the eight logged sestihe gross stratigraphic architecture of the
two progradationally stacked parasequences is ssitdly recreated. The overall internal

architecture of the Standardville parasequence AdHhlso successfully recreated from the
dataset of only eight logged sections (Fig. 6.%8)ich is represents half of the data used to
draw the correlation panel (Fig. 6.7A). The threegraphic zones defined in the Standardville
parasequence (Fig.6.2) and their distinctive imtkerstratigraphic architectures are also

reproduced in the forward simulation result.
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Figure 6.7: Comparison between (A) the stratigraphic correlation paneltearted from the full outcrop dataset and (B) the inverted BARSIM-@®stion constructed from the set of parameters that maxingse t
likelihood function (Fig. 6.6). The gross stratigraphic architecturehef tivo parasequences (AbO and Abl) and the internal architecture of the secaselgpance (Abl) are similar, but differences occur in the
lengths and thicknesses of the three aggradationally stacked sandstone tongueslohzparasequence Abl.
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In fact, the first zone on the modelled cross-sectiZzone 1 in Fig. 6.7), situated west of
Panther Canyon, is characterised by three aggoamddiy stacked, sandstone tongues separated
by marine shales, and was deposited during a peficelative rise of sea level (Zone 1 in Fig.
6.6). This architecture is similar to that desadilb®m the correlation panel, which consists of
three aggradationally stacked, upward-coarsenindsdise bounded by non-depositional
surfaces, with an overall “normal”’ regressive shoeetrajectory. The second zone on the
modelled cross-section (Zone 2 in Fig. 6.7), séddbetween Panther Canyon and Cordingly
Canyon, is characterised by the presence of stygmglgradational stacking of amalgamated
sandstone tongues deposited during a period divel&all of sea level (Zone 2 in Fig. 6.6).
This architecture is similar to that described frtime correlation panel, which consists of
strongly progradational stacked bedsets bounded elysional and non-depositional
discontinuity surfaces, with a “forced” regressaieoreline trajectory. The third zone on the
modelled cross-section (Zone 3 in Fig. 6.7), seédatast of Cordingly Canyon, is characterised
in its palaeo-landward part by facies boundaried thcord a “normal” regressive shoreline
trajectory, and in its palaeo-seaward part by fabeundaries that record a “forced” regressive

shoreline trajectory ( Zone 3 in Fig. 6.6).

6.7.2.2 Local Mode BARSIM Forward Realisation.

The analysis of the posterior probability distribns of the environmental parameters revealed
the presence of local modes. To test if these lomales represent viable alternative solutions
of the stratigraphic inverse problem, environmepi@ameter sets have been extracted from
them in order to condition BARSIM forward realigais. The conclusions for all these tests

were similar, thus only one example is presentddisisection and in Figure 6.8.

Although similar gross stratigraphic architectui@sd trends in shoreline trajectories are
observed, the modelled cross-section for the lovadle (Fig. 6.8E) shows clear differences
with the correlation panel (Fig. 6.7A) and the mitek cross-section parameterised by the
maximum likelihood estimates (Fig. 6.7B). The pipad difference occurs in zone 1,

specifically in the area constrained by the Pegeré@me logged section, where only two among
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the three observed sandstone tongues have beefatsichuThis difference is related to
differences in the relative sea level and wavemegsignals, which, in this case, lost one of
their peaks (Figs. 6.8A, 6.8C). Other differencesenvironmental parameters create minor

disparities in the stratigraphic architecture.

These results show that, as expected, the locaémmadiel fits the observed data less well than
the maximum likelihood solution. Moreover, this &enode doesn’'t match the observed data
well enough to be considered as a robust and plausiternative solution of the stratigraphic
inverse problem. This result demonstrates thatptiesence of local modes in the inferred
posterior probability distributions does not prawen-uniqueness of the stratigraphic inverse
problem. However, such local modes do complicage gtocedure of searching the inverse

model space.

6.8 Interpretation

Analysis of the posterior probability distributiofar the environmental parameters (Fig. 6.6)
and of the grain-size and bed thicknesses predgtialong the cross-section of the
Standardville parasequence (Fig. 6.7) enables #mus mechanisms that drove intra-
parasequence architecture to be interpreted. Theelled cross-section (Fig. 6.7B) is not
flattened to the top-parasequence datum surfac®mpacted, as is the case in the outcrop
correlation panel (Fig. 6.7A). As a result, it clgaillustrates shoreline trajectories, which
facilitates analysis of facies architecture witthie three geographical zones that comprise the

wave-dominated part of the Standardville parasecpien

Within zone 1 of the Standardville parasequencgs(Fs.2, 6.7), this analysis indicates that the
three aggradationally stacked sandstone tongues gerrerated by relatively high-frequency
variations of environmental parameters “(3@ars of simulated time). In particular, upward-
coarsening trends seem to have formed under conslitof relative sea level rise and
increasing fair-weather (and associated storm) wheghts (Figs. 6.6A, 6.6C), which

increased seaward transport of sand and thus drés¢ongues.
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Figure 6.8: BARSIM realization of a local solution. A local solutiorhef@®) relative sea level,B) sediment supplyC) wave height andl) mud fallout rate parameters results in the constructiorEpfa(BARSIM
cross-section. Red lines in figur&sB, C andD represent local solution parameters, whereas the black linegsept the parameters maximising the likelihood function. Grassgsaiphic architecture and shoreline
trajectory trends are similar to the modelled BARSIM crossieseof Figure 6.7B, but major differences occurs at intra-parasequence aaaind the Peerless Mine location.
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The formation of these upward-coarsening successitay also have been caused, at least in
part, by an increase of sediment supply as sughdstehe shape of the Bayesian credible
interval (Fig. 6.6B). However, uncertainties asatel with the posterior distribution are large
enough to make the exact combination of driving lmla@csms unclear. Marine shale capping
the sandstone tongues, which are equivalent todepositional surfaces documented at
outcrop (Chapter 5), were deposited at the climixhe relative sea level rise and are
associated with an abrupt decrease in fair-weathdrstorm wave heights and a decrease in
sediment supply. These results are similar to tobs&ined from forward numerical modelling
experiments by Sgmnet al (2008), who related the formation of upward-ceansg bedsets
bounded by non-depositional surfaces to the geinaraf beach ridge sets. During relative
rises of sea level, fluvial channels feeding sedinrte the shoreline system may aggrade to
heights that are super-elevated above the codatalgnd thus prone to avulsion, which results
in localised rearrangements of the shoreline geymamd associated wave climate. This
mechanism involves the erosion of older beach sdgear the abandoned fluvial channels,
forming a beach ridge set boundary, and the réuligion of sand into spits and barriers that
protect some stretches of the shoreline from waareb currents. This process can readily
explain the formation of non-depositional surfaeesl deposition of shale during periods of
locally lowered wave height and sediment supplyeAssion of older beach ridges progresses,
sand supply via longshore drift currents can dpk@gradation of these sheltered or abandoned
parts of the shoreline, which thus become sandidrraore exposed to wave action. At such
times, large quantities of sand may be transpostsivard to create an upward-coarsening

bedset or tongue.

Similar analysis for zone 2 (Figs. 6.2, 6.7) intiésathat the formation of progradationally
stacked bedsets bounded by non-depositional argioesd discontinuity surfaces within this
zone occurred via three sequential steps. Firstiynitial relative fall of sea level synchronous
with an increase of wave height and low sedimepipBuproduced enhanced wave erosion
(Figs. 6.6A-C, 6.7). Secondly, as sediment supptydased and the wave regime remained
energetic, large volumes of sand were transpodadard and deposited as a series of strongly
prograding sandstone tongues (Figs. 6.6B-C, 6hijdIly, relative sea level started to rise and
wave heights started to decrease towards the ew@pufsition of this zone (Figs. 6.6A, C),

which caused backstepping of the storm-event betfsan upward-fining succession (Fig.
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6.7). Sediment supply remained high at this timbkictv caused amalgamation of the storm-
event beds despite their backstepping stackingmafFigs. 6.6B, 6.7). The modelled cross-
section shows that zones of fluvial incision reaardndependently in the field correspond
clearly to zones of negative shoreline trajectseyisu stricto(Fig. 6.7). This confirms the

interpretations presented in Chapter 5: lowerirgtiree sea level caused incision of fluvial
channels and exposure of the shoreline to increased action, which in combination drove

forced regressive amalgamation of bedsets.

Within zone 3 of the Standardville parasequencgs(F8.2, 6.7), deposition of shale above the
amalgamated storm-event sandstone beds of zonec@red as a consequence of rising
relative sea level, decreased sediment supply aocdsed wave height. The palaeo-landward
part of this zone records shoreface-shelf depwsitaring a normal regressive shoreline
trajectory (Fig. 6.7), which allowed the accumwatand preservation of coal-bearing coastal
plain deposits behind the shoreface (Fig. 6.7BYir@udeposition of the palaeo-seaward part
of zone 3 (Figs. 6.2, 6.7), falling relative seaelecombined with increasing wave height and
lowered sediment supply (Figs. 6.6A-C) resultethenformation of a forced regressive, “sharp

based” shorefacesénsuPlint, 1988) (Alrad Canyon logged section, Fig3., 6.9).

It is important to note that times of falling relet sea-level (e.g. within the early part of zone 2
and late part of zone 3; Fig. 6.6A) are charaatdrisy falling or lowered sediment supply (Fig.
6.6B). This combination may be, at least in pantagefact of the way in which depositional
ages within the Standardville parasequence wenmasid in order to provide some essential
constraints on the stratigraphic inversion proc&bgse age estimates assume a constant rate
of shoreline progradation (Fig. 6.5). During pesad which relative sea level was lowered,
the volume available for sediment to infill was wedd. Thus, sediment supply has to be
reduced during such periods in order to maintaie tbonstant progradation rate.
Notwithstanding this effect, the model results slemmsiderable variations in sediment supply
that are not linked directly to relative sea-leeblange (Figs. 6.6A, B), and are thus not
artefacts of the age estimation. Moreover, majon-moiqueness effects might arise from
uncertainty in the estimated time constraints, Whias not been fully investigated in this

work.
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This analysis shows that the stratigraphic forwand inverse algorithm is not only able to
infer environmental conditions from observed gemabdata, but it is also able to predict the
gross stratigraphic architecture within the Stawdlar parasequence. The results from this
initial study seem to show that relative sea leartl sediment supply define the gross
stratigraphic architecture, whereas wave climatesponsible for localised variations in sand
and shale content. These results conditioned omredésd data also support the forward
numerical experimental approach adopted by StomdsHampson (2005) and Sgmme et al.

(2008) to investigate intra-parasequence facidstagture.

6.9 Discussion: Application of Stratigraphic Inverse aml Forward

Modelling to Real Data

The results of this first case study are promisind show clearly that the stratigraphic inverse
and forward modelling algorithm can be applied taeal dataset in order (1) to infer
environmental parameters (e.g. relative sea lesetdiment supplied by longshore drift
currents, mud fallout rate and wave height regiarg) their respective uncertainties, and (2) to
predict stratigraphic architecture from a limiteshaunt of observed data. Furthermore, the
stratigraphic inverse and forward model result®vec all the key aspects of the architecture
recorded in the field: the gross stratigraphic #&eckure of the two progradationally stacked
parasequences has been has been successfullytedcr€he alternating periods of normal
regressive and forced regressive shoreline trajestoharacterising the internal architecture of
the Standardville parasequence (Abl) and their atmes mechanisms have also been
successfully investigated. These aspects of th@gtphic architecture have been recreated as
drawn on the outcrop correlation panel (Fig. 6.4} from a limited dataset of only eight
logged sections (Fig. 6.7B). Moreover, given theailable data, the results show

unambiguously that there is only one viable sotutm explain the architecture at this scale.

The numerical method also has some limitationshHegolution analysis of the lengths and
thicknesses of the bedset-scale sandstone tongigesafthin zone 1; Figs. 6.7B, 6.8) reveals
differences between observed and simulated ddteygéd section locations (Fig. 6.9). These

bedset- and bed-scale discrepancies show thatARSB/ realisations do not fit the observed
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data perfectly at such scales, even if conditiomedhe maximum likelihood parameters, and

that non-depositional discontinuity surfaces aneeng@roperly recreated in the model. Analysis

of the posterior probability values indicates ttieg inversion process seems to find the global

solution area of the posterior probability disttibas, but did not focus the sampling on the

area around the exact solution of the inverse proptontrary to the validation tests conducted

on synthetic data in Chapter 4. In fact, after evgence, the log-likelihood values remain

clearly stationary around high values (i.e. higpesterior probabilities) but never reach the

highest values close to O (i.e. posterior prob@dsliclosed to 1). There are four reasons to

explain this behaviour.

1.

The BARSIM algorithm, like all the numerical stig@phic forward modelling
approaches, is limited when simulating real sedtargnprocesses. Moreover, its two
dimensional formulation can not assess effectscesed with the three dimensional
variability of beds and bedsets. Therefore, thetesalution of the inverse problesensu
stricto doesn’t exist in the sense that the forward mediéinever be able to completely
fit the observed data. Stratigraphic inversion ltesare, at best, only as good as the
capacity of the forward model to simulate reality.

Although wave-dominated systems are characterigeliiriited along-strike variability,
the projection of the observed logged sections ihgocross-section can modify the true
facies architecture geometries and thus interfette tive stratigraphic inversion process.

Compaction of the deposits under their own loadndusedimentation is not simulated in
BARSIM, thus limiting the ability of the forward rdel to simulate reality. The non-
simulation of dynamic compaction leads to slightl aystematic misevaluation of the
inferred environmental parameters. A compactioortign can easily be introduced into
the numerical forward algorithm for future work. \Mever, incorporation of such an

algorithm might increase considerably computatiaaesk.

The user-defined specification of internal and sexternal parameters within BARSIM
(Table 6.4) can also add some bias in the stratigrainversion process, even if they are
carefully determined by preliminary tests. Howewe tests conducted for this case
study suggest that model results are not stroregigisve to these parameters.
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Figure 6.9: (A) Stratigraphic correlation panel showing the location of loggetians used to condition the inverse modelling, and (B) comparison betwegatesd and observed grain-size and thicknesses at the
logged section locations. The simulated grain-size and thicknesses dataekavextracted from the inverted BARSIM cross-section corestrirom the set of parameters maximising the likelihood function. (igs

6.7B). The overall grain-size trends and thickness distributions areatsdl, but differences occur in the detailed distribution of thensewent sand beds.
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These four factors impact directly on the qualifythee posterior probability distributions and
on their interpretation. By sampling the generdlison of the inverse problem, the numerical
scheme obtained wider and more complicated posterabability distributions than it should
have done. In fact, because the sampling procegsr meached the area of very highest
posterior probability, the stochastic inversiondieth to sample more local modes with lower
likelihood probabilities. Therefore, these resualésnonstrate that the presence of local modes
in the inferred posterior probability distributiodsesn’t necessarily prove the non-uniqueness
of the inverse problem. This problem is minor dstlz¢ local-mode solutions can be tested
visually by running conditioned forward realisasoof BARSIM and then discarding

posteriorithose that are incorrect.

The initial data preparation constitutes anothanitéition of the method. The preliminary
parameterisation for the initial condition paramgtée.qg. initial physiographic profile, grain-
size classes and supply composition) may add samserbthe stratigraphic inversion process.
In fact, misevaluation of grain-size classes andinsent supply composition can prevent
convergence, whereas errors in determining thealinghysiographic profile can lead to
misevaluation of the accommodation infilled by seeit. These effects may bias the inferred

posterior probability distributions of sediment pliypand mud fallout rate, but they are minor.

The two-dimensional formulation of BARSIM represeanother source of errors by assuming
that the modelled cross-section was precisely ddiwneriented. In fact, it is clear that its
estimated orientation (via the estimation of théa@a-shoreline orientation) presents errors
that directly result from an artificial stretchingf the modelled cross-section. As a
consequence, the total volume of sediment preservéite cross-section has been artificially
increased implying a bias (over-estimation) initiferred posterior probability distributions of
sediment supply and mud fallout rate. Such issaage solved in future work by using a three
dimensional stratigraphic forward modelling algiomit

Finally, inversion of time-dependent parameterg. (eelative sea level, sediment supply, wave

regime) is directly dependent on the constraintvided by age data. In this case, no data of

sufficient precision were available to constraie thming of deposition, which then required
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the use of assumptions about progradation rate. dlgence of major stratigraphic
discontinuities within the cross-section suppolis approach, although some artefacts in the
inferred relative sea level and sediment supplyohiss have most likely been implicitly
introduced by the assumption of a constant progi@daate. This assumption biases the
inferred solution toward those having relativelyasinvariations in sediment supply. It is clear
that such solutions are not entirely supported bgeovation of modern systems where
shoreline progradation commonly happens at verydsaptes and is generally followed by
long periods of non-activity. Therefore, furthervelepments of this work should consider

more accurate ways of constraining the timing gdfodgtion by referring to modern analogues.

6.10 Summary: Insights into Intra-Parasequence Stratigrghic Architecture

from Stratigraphic Inverse and Forward Modelling

1. The application of the inversion method in thistficase study was successful and shows
clearly that this method can be applied to reahskdts in order to infer the probability
distributions of environmental parameters and &t stratigraphic architecture from a

limited amount of observed data.

2. The simulated results not only confirm the strapic interpretations previously
proposed in Chapter 5, but also quantify the catessatechanisms and their interactions.
Furthermore, the stratigraphic inverse and forwaradel results recover all the key
aspects of the gross, intra-parasequence stratigrapchitecture recorded in the field.
The internal stratigraphic architecture of the 8tadville parasequence (Abl) results
from complex interplays between relative sea lewalye regime and sediment supply
parameters. The results also confirm the presefficalternating periods of normal
regressive and forced regressive shoreline trajestoThis last point questions the

validity of sequence stratigraphic interpretatiotmt do not consider stratigraphic

172



Inverse and Forward Modelling of Stratigraphy

architecture at intra-parasequence scale and thereeglect an important part of the

causative environmental signal.

The model results show that, overall, the prevgikvave climate had low to medium
energy, with values of fair-weather wave heightolel3 m in average. Greater fair-
weather and storm wave heights are necessaryrsptra sand seaward to create bedset-
scale sandstone tongues, provided that sedimemneetsupply is sufficient. Wave
climate seems to be mainly responsible for locatlsend mud content, whereas relative
sea level and sediment supply define the grossnialtestratigraphic architecture of the

Standarville parasequence.

Aggradational stacking of upward-coarsening bedd®iunded by non-depositional
surfaces during periods of normal regressive simardrajectory was mainly due to a
high-frequency increase in wave energy during giselative sea level rise, provided that
sediment supply is sufficient. The generation adsth bedsets can be related to the
formation of beach reach sets, as proposed by Seehmale (2008), and is attributed to
autocyclic processes involving fluvial channel @wuh and rearrangement of shoreline

morphology, which influences local wave regime.

Strongly progradational stacking of bedsets dupegods of forced regressive shoreline
trajectory was caused by a combination of relasea level fall, highly energetic wave
regime, and low followed by high sediment supply.tife lag between periods of
highest wave regime and lowest relative sea larel, periods of higher sediment supply
induced firstly the creation of a wave erosion acef and secondly the deposition of

amalgamated storm-event beds.

The mud fallout rate in the shoreface area wasféo\this case study.

Compared to the stratigraphic correlation panelckviis flattened to a datum surface,
BARSIM realisations have the great advantage ofvatgrealistic shoreline trajectories.

As a result, comparison of the simulated stratigyagnd the correlation panel shows that

incised fluvial channels observed in the field espond clearly to zones of negative
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shoreline trajectory on the modelled cross-sectiurthermore, alternating periods of
negative and positive shoreline trajectories ccbdteal sections of thickened and

potentially better preserved coal-bearing coadtahmeposits.

The quality of the results is directly conditionled the formulation and assumptions of
the forward algorithm and therefore its capacitgitaulate the real processes. Moreover,
the quality of the results is also strongly depemden the observed data quality,

especially for constraining the timing of depositio
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Chapter 7

[ Second Application: Inverse and Forward
Stratigraphic Modelling of Sub-Surface

Emsian strata of South Algeria

Abstract

In this chapter, | will present the second appidaif the stratigraphic inverse and forward
modelling algorithm to a real dataset: the subam@fEmsian deposits of South Algeria. In this
second case study, the inversion method aims ¢o iefative sea level, sediment supply, fair-
weather wave height and mud fallout rate from asuiiace dataset of nine wells that define
three cross-sections of 75 km length. The resiltav that the inverse method successfully
inferred the environmental parameters from theelur®ss-sections. The posterior probability
distributions for the parameters show coherencyhieir results across three independent
inversions (one for each cross-section). Grain-aizeé bed thickness predictions between the
sparse observed data demonstrate unambiguouslyotilgt one stratigraphic correlation
hypothesis from two plausibla priori scenarios is feasible: the overall architecture is
characterised by two progradationally stacked $hoeeshelf sandstone tongues separated by a
flooding surface. However, the modelling approaaitetl to reproduce some features of the

stratigraphic architecture, partly because ofwis dimensional formulation.
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7.1 Introduction

The prediction of sub-surface facies architectur@ physical rock-property distribution from
sparse well data is challenging in all petroleusereoirs. Robust building of static reservoir
models is depends on (1) reliable stratigraphierpretations, (2) efficient geostatistical tools
chosen appropriately to predict facies architectuit@in the numerical grid (Deutsch, 2002)

and (3) consistent uncertainty assessment.

Stratigraphic interpretation is critical in detemmg the gross architecture of the static
reservoir model. Errors of interpretation can léadsignificant misevaluations in volumetric

estimation and of reservoir compartmentalisatiossessment of stratigraphic uncertainty can
be realised by proposing and testing differenttigtt@phic scenarios. However, such an
approach is often not completed because of timataliions. Furthermore, due to these
restrictions, stratigraphers tend to focus on exér€ase stratigraphic interpretations which
have generally low probabilities of existence, rder to capture the full range of uncertainty.
Such approaches usually result in misevaluationghe level of heterogeneity and in

volumetric estimations. As a result, they may léadtrong biases in the uncertainty range of

dynamic reservoir simulation results.

Stratigraphic architecture and facies heterogessedre generally simulated at reservoir scale
(smaller than the case | will illustrate in thisapler) with geostatistical tools conditioned to
local well data and an interpretation of largerasgyraphic context. Despite recent
improvements (Strebelle, 2002), such geostatistivals do not explicitly incorporate
geological processes and are limited in their @ppbn to understanding the stratigraphic
record. Moreover, their application in areas natst@ined by well data remains problematic.
Conventional approaches consist of (1) buildingiescprobability cubes derived from
stratigraphic interpretation and/or seismic attiésuto provide a three-dimensional soft
constraint (Hardingt al, 2005; Labourdette, 2007; Labourdegteal, 2007) and (2) assessing
the variability of small-scale heterogeneity distition and its impact on dynamic reservoir
behaviour by running multiple realisations that ylape such heterogeneities within the

volume of the facies probability cube. Therefonecertainty assessment is directly dependent
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on the resolution of the facies probability cube #éimus, on seismic data and/or stratigraphic
interpretation quality, and may be complicated bgbfems of non-stationarity (Jensenal.,

2000, Caumon & Journel, 2005). Moreover, in suclagproach, the assessment of the impact
of small-scale heterogeneities on fluid flow bebaviis also biased by the resolution of cells

in a predefined numerical grid.

In this chapter, | will present the second appidainf the stratigraphic inverse and forward
modelling approach to a sub-surface case stud\Emhgian reservoir interval of South Algeria
in which issues of stratigraphic correlation thanttol reservoir distrtibution and quality have
to be addressed. The objectives of this applicatian (1) to assess alternative scenarios of
stratigraphic correlation, (2) to predict faciestdbutions between sparse well data, in this
case at a larger scale than conventional resemvodelling, and (3) to infer variations in the
environmental parameters that drove depositionatgsses (i.e. relative sea level, sediment
supply, wave climate and mud fallout rate) and e@ssed uncertainty. This chapter is
structured so that, after having briefly descrilibd geological setting of the sub-surface
Devonian deposits in southern Algeria, based omlTinternal reports (section 7.2), | present
the Emsian sub-surface dataset and the spec#itigsaphic correlation questions (section 7.3).
| then describe the modelling workflow (section)7 slib-surface data preparation (section 7.5)
and the inverse numerical scheme parameterisat@nti¢n 7.6). The results are presented in

section 7.7, and discussion of the results andledimg statements in section 7.8.

7.2 Geological Setting and Dataset

7.2.1 Location

The investigated Emsian strata are located in Salgéria at the western part of the Ougarta
mountain belt (Fig. 7.1). Recently, several gakl§idave been discovered in Lower Devonian
sandstones in this area. The basal wave-dominateslaB unit, which will be investigated

throughout this chapter, constitutes one of thegterpial reservoir units. These deposits are
extremely poorly documented in the public literatuTherefore, the geological setting and

stratigraphic interpretation presented in this thaprepresent a summary of general
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information provided by internal reports from thetqpleum company Total (Jardine et al.,
2007). The ensuing modelling work relies on thaswipus interpretations.

Figure 7.1: Simplified geological map of the Prateoic and Palaeozoic deposits in the Sbhaa
area (from Jardine et al., 2007: Total Internal Ref).

7.2.2 Tectono-Stratigraphic Setting and PalaeogeographiReconstruction Hypothesis.

The studied deposits are located in a structucaipplex area close to the Pan-African suture
between the East and West African blocks. Sevesagbmiectonic events occurred during the
Paleozoic, but only the Hercynian orogeny affedtesl Paleoozoic units under investigation
here. As a result, the Emsian strata are curremitctured in a succession of low amplitude
and large wavelength anticline-syncline folds cleeinN120 — N150 (Figs. 7.1, 7.2).
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Figure 7.2: SW — NE cross-section over the Sbaa dhestrating the large scale Hercynian
folding (from Jardine et al., 2007: Total Intern@éport).

At this location, the Palaeozoic sedimentary susioesconsists of more than 3500 m of
siliclastic marine deposits which are discontinupusverlain by Barremian to Turonian
deposits (Figs. 7.2, 7.3). No major discontingitiare observed within the Paleozoic
succession investigated. The Lower Devonian secessists of shallow-marine strata
deposited in tide-dominated environments duringWp@er Lochkovian, evolving into wave-
dominated environments during the Emsian. The dlveegtical facies succession indicates a
progressive flooding from the Upper Lochkovian tee tEmsian. Lower Devonian units
(Lochkovian, Praguian and Emsian) were depositethgla period of relatively calm tectonic
activity following the Caledonian orogeny. Theiicknesses are relatively constant over the
area investigated (Figs. 7.2, 7.3) and tend toeam® northwards where the palaeo-basin was

deeper.

Palaeogeographic reconstructions for the Lower-D&roperiod, proposed by Total, suggest
that the studied area was situated in the westarhgb a giant estuary in which siliciclastic

sediments were supplied from the south-south-8ds. presence of wave-dominated facies
associations, intercalated within the Upper Locldovand Praguian deposits, and dominant

within the Emsian basal unit, indicates that the&y was open to the sea.
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Figure 7.3: Aerial picture over Silurian-Devonian deposits in the stlidirea. The picture illustrates the constant thickness of therLIdevonian units and the Caledonian angular unconformity (from Jardine et al.,
2007: Total Internal Report ).
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Figure 7.4: Betsiboka / Bombetoka estuary. The aegtright) has been chosen to be a
modern analogue of the Lower Devonian South Algeeatuary in terms of sedimentary
processes. On the left, wave-dominated facies ed&nts described in core data are placed in

their corresponding geographical context (from Jaglet al., 2007: Total Internal Report).

In such settings, the facies distributions are riehdy complex due to interactions between
tidal and wave processes, sediment supply andvelaéa-level variations. The Betsiboka /
Bombetoka estuary (Madagascar) is a modern analagosen by Total, which illustrates well

the complexity of these systems (Fig. 7.4). Howglteis clear that this modern esturary has
numerous differences (i.e. size, geological seftitay its ancient counterpart and should
therefore carefully used as an analogue. The Enstisata are situated a low amplitude
anticline, similar to those forming structural tsdpr the nearby gas fields (Fig. 7.2). The issue
of this work is to assess the presence, extengaality of the Emsian reservoir unit within this

structural trap, which depends on stratigraphicetation and associated facies distributions.

181



Inverse and Forward Modelling of Stratigraphy

7.2.3 Emsian Deposits

In the investigated area, the Emsian basal unitbdeen penetrated by 9 wells which are
renamedA, B, C, D, E, F, G, H and| for confidentiality reasons (Fig. 7.5). Their psed

geographical location is also hidden for the sae@saons. Each well is partially cored (in the
reservoir interval) and has a conventional suiteiogline log data available. Gamma Ray and
Sonic logs for each well are presented in Figute 7These logs and cores constitute the

observed data constraining the stratigraphic ineargrocess.

Previous analysis of the cored data provided bycttirapany Total showed that four facies
associations can be recognized within the Emsiaalhait (Fig. 7.4). Facies association 1v is
dominated by mudstone containing lenticular lamaret and moderate bioturbation
(Planoliteg. This facies association has been interpretedbeo deposited in offshore
environment. Facies association 2v is charactetsechudstone interbedded with layers of
siltstone to very fine-grained sandstone and comtgishell fragments. This facies association
has been interpreted as offshore transition depd=icies association 3v is composed of non-
amalgamated to amalgamated beds of siltstone &al-gnained sandstone interbedded with
mudstone. Hummocky cross-stratification and waymles are the dominant sedimentary
structures while bioturbation is low. This faciassociation has been interpreted as lower
shoreface deposits. Facies association 4v is desised by fine-grained sandstone with minor
interbeds of lenticular mudstone. Planar, sub-lott&l, parallel laminations and trough cross-
bedding are dominant. This facies association heen binterpreted as upper-shoreface to

foreshore deposits.

The sedimentary structures described in the focie$aassociations (1v, 2v, 3v and 4v) are
generated by storm and fair-weather wave processgsre therefore characteristic of wave-
dominated environments (Elliot, 1986; Walker & Rlin992). According to previous
interpretations from the company Total, the Emdmasal unit represents a beach system
oriented NNW-SSE at studied location (Fig. 7.6)revibus analysis of the well data also
showed that the facies succession is dominatedualydarived from the estuarine fluvial outlet
and that the reservoir shoreface-sandstone depospsesent thin (5 to 7m) and

underdeveloped shoreface facies successions {Hg<..5, 7.6).
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Figure 7.5: Subsurface dataset. The cartoon illustrates the three 75 km\8\WY-ENE-trending cross-sections and the data (Gamma Ray and Sonic logs)ageirain the stratigraphic inversion. The pink lines
represent the bottom of the modelled interval and the dash blue lpreseat the top. In combination, the lines delimit the intervaivfoch thickness curves have been calculated.
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7.3 Stratigraphic Correlation Issues

From the nine wells, three parallel stratigraphimss-sections have been defined. Each cross-
section presents a length of 75 km and is orielft&W-ENE (Fig. 7.5), perpendicular to the
estimated strike to the palaeo-shoreline oriemaitig. 7.6). The northern cross-section (Figs.
7.5A) is constrained by 3 wellA( B and C). The central cross-section (Figs. 7.5 B) is
constrained by 4 well€, E, FandG). The southern cross-section (Figs. 7.5 C) is ttaimed

by only 2 wells H and I). One seismic survey is available in this areg Haspite its good
quality, resolution is too low to visualise theamal stratigraphic architecture of the basal
Emsian unit. However, these data indicate thatttinekness of the Emsian units increases

relatively uniformly toward the north.

Figure 7.6: Palaeogeographic reconstruction of tBmsian sedimentary environment. The

map shows the NNW-SSE orientation of the shorelesr the investigated area and its
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proximity to the estuary, which explains the undevelopment of sandy upper-shoreface
deposits due to a high influx of fluvially derivenid (modified from Jardine et al., 2007, Total

Internal Report).

Gross well to well correlations have been donedach cross-section on the basis of the
Gamma Ray signal and core descriptions (Figs.7/5), The Gamma Ray tool measures clay
content. Assuming that sandstone are quartz tithGammay Ray signal has low values for
sandstones and higher values for shale. Compasistin core descriptions confirms this

tendency and shows that lithology trends, and timoss grain-size successions, can be
qualitatively interpreted from the Gamma Ray signathis case. However facies boundaries
are uncertain in the absence of described core @atahis basis, the Gamma Ray signal of
each well shows an overall upward-coarsening trevitereas core descriptions indicate an
overall shallowing-upward facies succession (fracids association 1v at the bottom to facies
association 4v at the top). This regressive fasigscession (Fig. 7.5) is interpreted to have
formed as a consequence of seaward migration afitbeeline and associated progradation of
the facies belts toward the ENE at this locationisTprogradation created laterally extensive
sandstone sheets. The top of the shallowing-upveaids succession in the Emsian basal unit
is overlain at each well either by facies assomm®v followed by facies association 1v, or

directly by facies association 1v. This verticatiés juxtaposition represents flooding of the

sedimentary system associated with a rapid landwegchtion of the shoreline.

In palaeo-landward locations (wells, B, and D), the shallow-marine sandstone tongue is
under-developed in thickness (Fig. 7.5). The preserf upper-shoreface and foreshore facies
associations at the top of the tongue at thesetidmsa indicates the absence of major
transgressive erosion of shallow-marine sandstéoes the top of the tongue, and thus that
the shoreface sandstone was either deposited enyastaallow, restricted area or that the sand
proportion supplied by littoral drift was minor cpared to the proportion of mud supplied in

suspension from the estuary.

Further paleo-seaward, towards ENE, sandstonertigskincreases and the Gamma Ray signal

becomes more complex, consisting of two upwardssrang sub-cycles (i.e. two sandstone

185



Inverse and Forward Modelling of Stratigraphy

tongues) at well€, E, F, G, Hand| (Fig. 7.5). Two stratigraphic correlation hypotresan

therefore be proposed (Fig. 7.7), as outlined below

Figure 7.7: Two stratigraphic correlation hypotheder the northern cross-section (Fig. 7.5A;
both hypotheses are equally applicable to the edrdand southern cross-sections). Part A
shows the “two progradationally stacked paraseqesicorrelation hypothesis (see text for

explanation). Part B shows the “bedset” correlationypothesis (see text for more
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explanation). The precise locations of facies bauias$ are uncertain in wells where cores are

absent.

(1) The upper sub-cycle can be considered as a ggourindependent shallow-marine
sandstone tongue deposited during a second digtiiaste of shoreline regression. The younger
tongue is separated from the older one by mariatestdeposited during a period of flooding
that involved landward migration of the shorelifiethis hypothesis, the two shallow-marine
sandstone tongues show a strongly progradatiomakisg pattern (Fig. 7.7A) which may
indicate overall “forced-regressive” conditionse(isu Posamentieret al., 1992; Helland

Hansen & Martinsen, 1996).

(2) The upper sub-cycle can be considered as #wasd continuation of the single sandstone
tongue described in the landward welfs B, and D) and the lower tongue in the paleo-
seaward wells can be interpreted as an upwardeuags bedsetsensuVan Wagoner, 1990,

Pattison, 1995, Somned al, 2008, Hampsoet al., 2008) of the same tongue. The landward
part of this bedset is thus attached to the mangnading tongue. This hypothesis portrays at
least one sandstone bedset arranged as part af-anigle clinoform of limited down-dip

extent which is integral to the overall progradsimatigraphic succession (Fig. 7.7B). Thus, in
this hypothesis, the shoreline prograded continyofitem the palaeo-landward to palaeo-
seaward wells without any major flooding of the rgtime and shelf. The bedset may reflect
rearrangement of the shoreline morphology due toomihigh-frequency changes in wave

regime, sediment supply and/or relative sea level.

These two stratigraphic correlation hypotheses hammificant consequences for both

exploration and reservoir characterisation purposesfact, in the first hypothesis, the

recognition of two independent shoreface sandstomgues having a progradational stacking
pattern suggests that the connection between eague¢ might be discontinuous at reservoir
scale (i.e. they are separated by a laterally noatis flooding surface and shale), thus limiting
vertical connectivity of the two tongues. In thecawed hypothesis, the shallow marine
sandstone tongue is continuous and sandbodie®aneded at reservoir scale, but the internal
stratigraphic architecture is complex, which mayeetf reservoir sweep and dynamic

behaviour. Therefore, a key purpose of this se@pplication of the stratigraphic inverse and
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forward numerical scheme will be to assess theljgias of the correlation hypotheses based

on quantification of mechanisms that generatecbtserved stratigraphy.

7.4 Modelling Workflow

The three stratigraphic cross-sections (Fig. 7éeleach been inverted using an independent
stratigraphic inverse and forward simulation (iane inversion per cross-section). Each
inversion has been constrained only by the welagaesent along the cross-section under
consideration and by thickness curves of the giagthic interval calculated between the wells
in that cross-section (via linear interpolationvbegn the thicknesses measured at each well

location).

Early iterations of this work attempted to invdrétthree cross-sections simultaneously using a
specially developed multi-2D inverse and forwardneuical scheme, in which the forward
simulations were realised for each cross-sectiah srared the same global environmental
input parameters (e.g. relative sea level). Howewdue to its complex numerical
implementation, this stratigraphic inversion pracesas too CPU intensive and time
consuming to obtain enough samples in a realigtie frame. Therefore, this approach was

abandoned in favour of the more simplistic, bufisigint, approach presented here.

The method to parameterise and to adapt the sionsato subsurface data consisted of:

(1) Transforming the Gamma Ray signal of each well tgrain-size signal using a
calibration of core and well-log character in coreervals.

(2) Decompacting the sedimentary succession of eadh wel

(3) Calculating the thickness curves.

(4) Designing the initial topographic profiles on whisédimentation of the Emsian basal
units occurred.

(5) Parameterisation of the stratigraphic inverse amaidrd numerical scheme by adding

geological prior knowledge.
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(6) Running the stratigraphic inversion.
(7) Post-processing the output data before interpogtati

7.5 Observed Data Processing

7.5.1 Well data

7.5.1.1 Gamma Ray to Grain Size Transformation

To adapt the sub-subsurface data to the requiresnadrihe likelihood function, the Gamma
Ray signals of the non-cored intervals of the wéls/e been transformed into grain-size
signals by using the core descriptions previoustyed by the company Total. In these
descriptions, the logarithm of the grain-size sigmes been normalised between 0 and 5.2
(WellCad format). This format was used throughdw tlata processing. The workflow is

illustrated in Figure 7.8 and consists of the fwllog steps.

(1) Smoothing the normalised log grain-size curve aefim cored intervals (smoothing
window of 25 cm) to extract a low-frequency sigsiahilar to that of the low-resolution
Gamma Ray curve (Fig. 7.8A).

(2) Plotting the resulting smoothed and normalised &pgin-size curve against its
corresponding Gamma Ray signal in order to caledlaear regressions (Fig. 7.8B).
Although the Gamma Ray curve measures clay cortt@stcomparison with the core
descriptions supports its use as a proxy to detertithology trends and thus grain-size
signals.

(3) Transforming the Gamma Ray signal into normalisegl grain-size curve assuming
that the linear regression calculated in the resemored areas is also valid for non-
reservoir mudstone facies (Fig. 7.8C).

(4) Exchanging the grain-size signal inferred from @@mma Ray curve for the smoothed
version of the observed normalised log grain-sis@es in cored intervals (Fig. 7.8D).

(5) Back-transforming the normalised log grain-sizeveumto a grain-size curve with

standard units of measurement (grain diameter liimmires) (Fig. 7.8E).
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Figure 7.8: Simplified workflow diagram illustragnthe Gamma Ray transformation to predict

the grain-size signal in well F (see text for exyaaon).
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Data processing has been undertaken for each medpendently. Values of calculated grain
size in the non-reservoir intervals have been stahised from well to well. Grain-size
measurement errors on cored sandstones are lamat=st at around 5 to 10% of the grain-
size values. Measurements errors on predictedhidle grain-size signal are higher and have
been assessed by varying the slopes of the liregaessions calculated between measured
grain size and corresponding Gamma Ray valuess(&egnd 3 above). Errors on the non-
reservoir grain-size predictions have been estithtiebe around 80 to 100% of the predicted

values.

7.5.1.2 Decompaction

The BARSIM algorithm does not include a dynamic paction module, thus the stratigraphic
data available from the wells have to be decompapt@or to the stratigraphic inversion
process. To decompact the investigated stratanthemum burial depth has to be estimated.
Vitrinite reflectance is an organic indicator ftwetmal evolution during burial that can be used
to estimate the maximum burial depth using cerasBumptions. However, the vitrinite
reflectance values in the Emsian well data areeexdty high (around 2.5 to 2.8 % Ro) and
thus can not be used. In fact, the linear relatignso evaluate the burial depth from the
vitrinite reflectance values (Corcorand & Clayt@001) is only valid for values between 0.7
and 1.6% of Ro. For example, such a relationshipldvgive a maximum burial depth of 17
km for the Emsian strata. Nevertheless, withoutngfiegng the maximum burial depth
precisely, these reflectance values indicate tbabwas very deep (over 4-5 km). At such
depths, sediments are generally almost fully congolaavhich implies that the total sediment
thickness, and therefore its associated decompagike, does not decrease with further
burial. Thus, the strategy adopted to decompacti&mstrata was to use an average
decompacted value for maximum burial depths beteand 7 km. Results are summarised in
Table 7.1.

The standard deviations on the results are abooit3Pn and have been used as measurement

error in the likelihood function of the inverse alghm. Emsian sediments have been
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decompacted by using the porosity/depth exponemrti@tiionship of Athy (1930), calibrated by
exponents derived from Sclater & Christie (1980K[E 7.2).

Well Initial thicknesses (m) Decompacted thicknesses (m)

A 55.75 120.5

B 56.1 121.3

C 57.0 111.9

D 58.5 103.9

E 63.2 1125

F 65.3 116.3

G 78 138.7

H 53.3 94.96

I 63.25 1125
Table 7.1: Initial and average decompacted tokatkness of the Emsian basal unit in each
well.

Lithology Surface porosity Porosity-depth coefficient

fq c(km?)

Shale 0.63 0.51

Sandstone 0.49 0.27

Shaly sandstone 0.56 0.39

Table 7.2: Exponents derived by Sclater & Chri§ti@80) for different lithologies from North

Sea sub-surface data.

7.5.2 Thickness Curves of Stratigraphic Intervals

Three thickness curves of the Emsian basal unié baen calculated to constrain the inversion
process, one thickness curve per cross-sectionkiiésses have been estimated from the most
paleo-landward to the most paleo-seaward wellsaoh eross-section. The curves have been
calculated using linear regressions between the ttecompacted thickness values of each
well, assuming no abrupt lateral variations as ssggl by the seismic data. At each well
location, the measurement error on the thicknesgechas been set to be equal to the error
estimated when decompacting the strata at that(atelhdard deviation of 2 to 3m). At other
locations, this small error has been multiplied abgoefficient that increases proportionally

with increasing distance from the nearest welltaug value of 1.5.
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7.5.3 Initial Topographic Profile Reconstruction

Specifying the initial physiography of the crosstg&s on which Emsian sedimentation
occurred (initial condition parameters of BARSIMhdpter 2; 82.2.2.3) is an important stage

in the inverse and forward modelling workflow. Tkisige consisted of three steps.

(1) Reconstruction of the palaeo-distance between téké data. The Emsian deposits are
structured in large-scale low-amplitude folds sticht the maximum dips measured on
seismic data are 2-3° degrees. Therefore, in thg® cstudy, reconstructing the paleo-
distance was unnecessary, as the corrections feare dstimated to be less than 100 m,
which is smaller than the horizontal grid cell deson in the models (cf. subsequent
paragraph).

(2) Reconstruction of the initial topographic profil€his has been achieved by setting the
palaeo-water depths at each well location to bealeguthe corresponding decompacted
thickness of the Emsian basal unit. Then values Haeen assigned to the numerical
forward modelling grid by linear interpolation bet®en values of well. This method
assumes that the initial topography was compleitefijled during progradation of the
shoreline, which is justified by the core obserwasi that show fully developed shoreface
facies successions from offshore transition todooee. In the palaeo-seaward and palaeo-
landward parts of the cross-sections, no data veeeelable to constrain the palaeo-
topography. Therefore, in the palaeo-seaward padtaeo-water depths have been
estimated by using the same slope gradients ae ihosearby, constrained parts of the
cross-sections. In the palaeo-landward parts, palager depths have been determined by

using a steeper gradient, based on data constfi@@maearby wells.

(3) Evaluation of the underlying grain-size distributiof the substrate. This step has been
achieved by using the grain-size values of the dbphe underlying Praguian deposits
available at each well location. Then, values hbeen linearly interpolated into the
numerical forward modelling grid from well to wellThe grain-size distribution of the
Praguian substrate is very sandy across the ceus$igiss and contrasts clearly with the
mud-dominated succession of the basal Emsian depddiis observation shows that
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Praguian and Emsian sedimentary histories are lgledistinct. Thus, grain-size
distributions of the Praguian substrate have nehlused to refine the reconstruction of the

initial topographic profile on which Emsian sedirtegion occurred.

7.6 Model Parameterization

7.6.1 Forward Model

The BARSIM forward model horizontal grid has 200sef 375 m each. As in all the forward
modelling cases, vertical resolution of the gridsedf generated according to the sediment
thickness deposited. The duration of depositiothefEmsian basal unit is poorly constrained
over this area and has been estimated to be atbtm@ My (internal report of the company
Total). Regarding the geographical area coveredthey cross-sections and the overall
progradation direction, the study area has beematstd to represent around 30% of the total
progradation distance of the basal Emsian unit (Fig). Therefore, it ia priori reasonable to
state that the studied area represents 30% ofutaioh of the unit. Thus, it was decided to
simulate sedimentation with BARSIM over a period 200,000 years with a minimum
recurrence period of 150 years for major storm &vefhe choice of using a large minimum
recurrence period for major storm events (i.e. {8t&p) has been motivated by the limited
dataset, which does not allow high-resolution agialgf the storm/wave regime, and to reduce

computation costs.

For this work, the inversion scheme has to inferftillowing environmental parameters: mud
fallout rate, relative sea level, sediment suppid dair-weather wave height curves. The
differential subsidence rate module of BARSIM ha&sib switched off, because the Emsian
deposits are interpreted to have been depositeagdaiperiod of tectonic quiescence. Analysis
of the grain-size distribution within the wells s¥® that the lithological succession is a
composition of 20% upper fine-grained sandstongnfeted mean grain diameter of 100-200
pm) and of 80% shale (estimated mean grain dianedteéd pum), according to grain-size

estimates derived from the Gamma Ray signal. Tthis,analysis was used to set the initial

composition of the sediment supplied by longshaiie currents (internal condition parameters

194



Inverse and Forward Modelling of Stratigraphy

of BARSIM, Chapter 2; 82.2.2.3) to be a mixture86f6 mud (6 pm grain diameter) and 20%
upper fine sand (200 pum grain diameter) that igesgntative of the overall lithological

composition observed at well locations.

Internal Parameters External Parameters
Initial condition parameters
Maximum erosion rate [ffy] 2.5
Power for erosion scaling: shoreline —1.0 Grain size (shale class) [um] 6
wave Base [-]
Sediment travel distance correlation 2.0 Grain size (Sand class) [um] 200
event [-]
Sediment travel distance correlation 1.0 Supply composition (% of sand) 20
shoreface [-]
Maximum height and width of the 1.5- 1500
barrier [m]

Table 7.3: BARSIM parameterisation.

Other internal parameters of BARSIM (Chapter 2,28§23) have been determined through
preliminary tests (“sediment travel distance catieh event”, “sediment travel distance
correlation shoreface”) or by using default val{gsower for erosion scaling: shoreline —
wave base”, “maximum erosion rate”, “maximum heigimd width of the barrier”). The
maximum erosion rate is independent of the sulestpabperties. The “power for erosion
scaling: shoreline — wave base parameter” is ataonhshat represents the dependence of
erosion rate on water depth. The “sediment traisthdces correlation event* and “sediment
travel distances correlation shoreface” parameisesconstant values that are used to match
specific local coastal settings for the estimabbsediment travel distance to the characteristic
sediment deposition curves of Guillén & Hoeksta9@P Higher values of these parameters
produce a higher probability of transporting sedimever longer distances. These two
“sediment travel distances correlation event” arsgdiment travel distances correlation
shoreface” parameters account for local variabititgediment transport during storm and fair-
weather conditions, respectively. They have bdersen on the basis of preliminary tests,
such that convergence of the inverse numericalisokiwas achieved more rapidly and such
that the obtained stratal geometries were phygicallistic and concordant with the observed

stratigraphy. Compared to the case study desciib&hapter 6, only the “sediment travel
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distance correlation event” parameter is differenith a lower value (2.0, rather than 3.0 in
Chapter 6). As consequence, sand is transportedsheeter distances during storm conditions.

Values are summarized in Table 7.3.

7.6.2 Inverse Method

The strategy developed for this stratigraphic isggoroblem combines three Reversible Jump
MCMC samplers, one fixed dimension MCMC sampler and Simulated Tempering sampler
linked in a Hybrid sampler (Chapter 3; Mariani &riBa 1992; Geyer & Thompson, 1995;
Green, 1995; Gilkkst al., 1996; Denisoret al., 2002, Brookset al, 2003; Charviret al,
2008a). Details are compiled in table 7.4.

MCMC-based sampler BarSim environmental input parameters
Reversible Jump MCMC Relative sea level curve

Reversible Jump MCMC Sediment supply curve

Reversible Jump MCMC Wave height curve

Fixed Dimension MCMC Mud fallout rate (shoreface)

Simulated Tempering “Temperature” scheme

Table 7.4: MCMC-based samplers and their applicatio BarSim input environmental
parameters. The fixed dimension MCMC sample ainge#d with the time-independent mud
fallout rate input parameter of BARSIM, whereas RBMCMC samplers are applied to time
dependent curves that describe the other input mpatars of BARSIM. The Simulated
Tempering sampler is designed to deal with multitah@osterior probability distribution (i.e.
non-uniqueness of the inverse problem).

Three independent stratigraphic inversions have bee one per modelled cross-section (Fig.
7.5). Each inversion was run for 400,000 iteratian order to explore the model parameter
space. The northern cross-section has been cowstraising the grain-size signals of three
wells (A, Band C) and one thickness curve for the stratigraphic valedelimited by these
wells (Fig. 7.5A). The central cross-section hasrbconstrained using the grain-size signals

of four wells O, E, Fand G) and one associated thickness curve of the statiic interval
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(Fig. 7.5B). The northern cross-section has bee@stcained using the grain-size signals of two

wells (H andl) and one thickness curve (Figs. 7.5C).

Figure 7.9: Estimated depositional ages attribuéedhe top of each well, relative to the onset
of shoreline progradation into the study area. Eaafje has been estimated assuming a
constant progradation rate and direction (paralkel the cross-sections) over the simulated

time period, such that they increase linearly ipasdaeo-seaward direction.

No data were available in the wells to constragcsely the depositional timing of the Emsian
basal unit. Thus estimated depositional ages wesig@ed to the top of each well, as required
by the likelihood function. These estimated agesHaeen evaluated by assuming a constant
progradation rate parallel to the cross-sectionghi® shoreline over the simulated time interval
(Fig. 7.9). Such an approach was necessary to ggoeonstraints for inverting the time-
dependent BARSIM environmental parameters (i.eins&at supply, relative sea level and
fair-weather wave height regime). Such an approesehpriori reasonable in the absence of
other data, but might introduce some bias into iierence of these time-dependent
parameters. Therefore, measurement errors (stardkandtion of 5,000 years) have been

assigned to these estimated ages, in order toeesabie flexibility to the inversion process.
As mentioned earlier, each cross-section will beeited independently using data from the

restricted subset of wells along it. However, itlisar, for example, that the data contained in

the landward wells of the northern cross-sectioly pravide complementary information for
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inferring the overall environmental parameters.(eetative sea level) that drove the landward
stratigraphy of the southern cross-section, whereamparable observed data are available.
This information has been integrated via the use bigh level of prior knowledge for the
relative sea level parameters, common to each tewverross-section and defined from the
analysis of all nine wells. Estimated ages show teposition of the shoreface-sandstone
tongue in the landward parts occurred between 88z0@ 102,000 years of simulated time
(Figs. 7.5, 7.9). This analysis also showed thatupper shoreface-sandstone tongue in the
seaward wells was deposited between 145,500 an8@b$ears of simulated time (Figs. 7.5,
7.9). Therefore, based on the decompacted thickmesisthe Emsian basal units, a uniform
prior knowledge was used for these two periods liclv relative sea level parameters were
allowed to vary between 30 and 60 m (Fig. 7.10A). the three other periods that lack such
constraining data (i.e. 0-78,000 years, 102,0008Db years and 253,500-300,000 years of
simulated time), a relatively uninformative unifoprior in which relative sea level parameters
were allowed to vary between 0 and 60 m was usigd {R0A). This wide range for 102,000-
145,500 years of simulated time has been chosevd@ a bias towards either of the two
stratigraphic correlation hypotheses (87.3); dutlmng period, relative sea level is free to vary
in a manner that places no pre-conditioning on rtftechanism of formation of the lower

sandstone tongue in the palaeo-seaward wells.

For the sediment supplied by longshore drift cusethe wave regime and the mud fallout
rate, minimal prior information was used, and valuere allowed to vary uniformly priori
between 0-40 Ay, 1-7 m and 0-0.1 cm/y respectively (Fig. 7.1Ranges of possible variation
for the sediment supply and mud fallout values Hasen chosen to be wide enough that prior
knowledge does not over-influence the inversioterms of the quantity of sediment preserved
in the cross-section. The range of possible vaneator the fair-weather wave height has been
chosen arbitrarily, but again is broad enough gradr knowledge does not dominate the
inversion. Although 7 m is the upper limit of faieather wave height considered by the
inversion, storm wave heights which are drawn ffamweather wave height by the stochastic
component described in Chapter 2 are not limitedaiby prior knowledge and thus can be
greater than 7 m. Generally, higher storm wavehtgigorrespond to higher fair-weather wave

heights.
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Figure 7.10: Environmental parameter prior probatyil distributions of the three inverted
cross-sections in the South Algerian case study.The probability distribution of the relative
sea level parameter has been drawn from the stdidye entire dataset in order to give
coherency to the three independently inverted esestions and to provide a relatively high
level of prior information where observed data daeking. 8, C and D) Uniform prior
probability distributions respectively for sedimeapply, wave regime and mud fallout rate.

Model parameters have been perturbed using a Gaussdposal distribution centred on their
current values. Details are presented in TableThé.model parameters of the first step of the
Markov chain have been selected manually, suffitieriose to the expected solutions of the

inverse problem to shorten the “burn-in” (conver®nperiod of the inversion process. The
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model parameters of the first step of the Markoaichare presented with the posterior
probability results in the subsequent paragrapys(Fi.12, 7.13, 7.14).

Parameters Prior distribution ~ Proposal variance Proposal variance
(Uniform) Fixed dim. jump Trans-dim. jump

Relative sea level - Sea level values 0 - 60, 30-60 m 1m 4m

- Time values 1 -300,000 yrs 1,000 yrs 100 yrs
Sediment supply - Supply values 0 - 40 nily 1 nfly 5 nfly

- Time values 1 -300,000 yrs 1,000 yrs 100 yrs
Wave height - Wave height value 1-7m 0.1m im
regime - Time values 1 - 300,000 yrs 1,000 yrs 100 yrs
Mud fallout - Fallout rate values  0-—0.1 cmly 0.01 cmly NA
Temperature 3levels: T={1,2,3}
level
Observed data Error Grain size Error Thickness Error Time
Northern cross- 80 — 100% of the value for Shale 2-3m 5,000 yrs
section 5 — 10% of the value for Sand
Central cross- 80 — 100% of the value for Shale 2-3m 5,000 yrs
section 0 — 10% of the value for Sand
Southern cross- 80 — 100% of the value for Shale 2-3m 5,000 yrs

section

0 — 10% of the value for Sand

Table 7.5:Prior and proposal distributions for relative seavel, sediment supply, wave height

regime and mud fallout parameters (upper part oé table), and measurement errors

(standard deviation) on the observed stratigraptiada constraining the inversion process

(lower part of the table). Sediment supply, wavighteregime and mud fallout parameters are

allowed to vary uniformly between minimum and maxmvalues summarized in the second

column of the upper part of the table. Candidateleigparameters are drawn from Gaussian

distributions centered on the current parameteraridhces defining the Gaussian proposal

distributions for fixed dimensional and trans-direemal perturbations are presented in the

third and fourth columns of the upper part of table, respectively.
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7.7 Results

The results presented in the subsequent paraghgvesbeen collated from the post burn-in
period samples of the “cold” distribution (Chapt@snd 4). Therefore, only about 100,000
samples, among the 400,000 available for each-sexg®on, have been used to construct the
posterior probability distributions. The inversiai each cross-section requires about two

weeks of computational costs on a standard singlegssor PC.

7.7.1 Inference of the Environmental Parameters

Each posterior probability distribution is presehtgith the boundaries of the 95% Bayesian
credible interval, the maximum likelihood estimategl the set of parameters chosen as the

initial step of the Markov chain.

7.7.1.1 Posterior Probability Distributions of the RelatiSea Level Curve

Figure 7.11 shows the posterior probability disttions of the relative sea level inferred
independently for the northern, central and soutloeoss-sections. Although the relative sea
level is a regional parameter, and therefore shbeldhe same for the three inverted cross-
sections, the three posterior probability distribng are different. Most of the dissimilarities
occur during the first 75,000 years and the las0@D years of simulated time. These two
periods are conditioned to minimal prior knowledgecause sedimentation occurred
respectively in the palaeo-landward and palaeo-aehvextremities of the cross-sections,
where no observed data constraints are availablein® the last period, the differences
between the three posterior probability distribnsicshow clearly that no relative sea level
history can be extracted with confidence from thelable data. These results demonstrate that
the method is limited in predicting palaeo-seawsrdtigraphy for exploration purposes when

no constraining data are available.
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The results suggest something different for th& faeriod. In fact, despite their dissimilarities
in shape and in the spread of the Bayesian crediidézvals, each posterior probability
distribution shows a major relative sea level 0$680-40 m during the first 75,000 years of
simulated time. This similarity can be explained ttwe implicit constraints provided by
observed data situated in a more palaco-seawaritiopo¢Chapter 4) and by the prior
knowledge used for a later period of simulated t{frem 78,000 to 102,000 years). Therefore,
the differences between the three cross-sectiambea&xplained by variations in the locations
of the most palaeo-landward observed data (i.elicihgonstraints) in each cross-section,
combined with the effects of prior knowledge thamits the subsequent relative sea-level
history. In fact, the posterior probability diswiion inferred for the northern cross-section,
which contains the most palaeo-landward observed (@&. the earliest implicit constraint),
shows the shortest period of sea level rise, wisdteaposterior probability distribution for the
southern cross-section, characterised by the absgnobserved data in its palaeo-landward
part, shows the longest period of sea level risehis latter case, the relative sea level rise is
implicitly constrained mainly by the prior knowleglgimits from 78,000 to 102,000 years of
simulated time (Fig. 7.10).

Despite these discrepancies, it is clear that #meesrelative sea level trends and values are
observed in the three posterior probability disttibns. Following the first period of relative
sea level rise (described above), the second péiroch around 50,000 to 105,000 years of
simulated time) is characterised in all the postgsrobability distributions by well constrained
steady conditions of high sea level situated atiredo40 m (Fig. 7.11). The spread of the
Bayesian credible intervals is between 7 and 10These values are relatively high but
coherent with the thickness measurement erronsiasd when decompacting the strata (STD
varying from 2 to 3m; Table 75). The duration ofstlsecond period differs between the
posterior probability distributions, and it is ditly linked to the duration of the preceding sea
level rise period and therefore to the palaeo-laardvWocations of observed data in each cross-
section. For example, it is clear that for the Beut cross-section, where no observed data are
available in the palaeo-landward part, the duratibthe relative sea level highstand for this
second period is very strongly conditioned to thergknowledge of sea-level from 78,000 and
102,000 years of simulated time (Fig. 7.10).
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Figure 7.11: Relative sea level posterior probdildistributions (A, B and C) respectively
inferred from datasets of the northern, central asduthern cross-sections. The dark
continuous line in each graph is the maximum Ii@dd estimate; the light grey line
represents the initial input curve and the dashedd represent the boundaries of the 95%
Bayesian credible interval. The background shadiegresents the posterior probability
distribution (dark means higher probability). (D)@pilation of the 95% Bayesian credible

interval for each modelled cross-section. Althougtatigraphic inversions have been run
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independently for each cross-section, the infedetributions show coherency in values and

trends

The third and fourth distinct periods of relativeadevel history (Fig. 7.11) are characterised,
in all three posterior probability distributionsy [a rapid relative sea level fall of 35 m
occurring from 105,000 to 135,000-140,000 yearsimilated time (third period), followed by
a rapid relative sea level rise of 30 m occurringnf 135-140,000 to 145,000 years of
simulated time (fourth period). These two periads time equivalent to the second period of
limited prior information (Fig. 7.10), that was éarhrily set up between 102,000 and 145,000
years of simulated time to assess the stratigrapbicelation issues. The spread of the
Bayesian credible interval for the three postepoobability distributions is small (around 5
m), shows that the relative sea level signal id wahstrained. Between 102,000 and 145,000
years of simulated time, the solution of the ineepsoblem is clearly unique for the relative
sea level parameter: the observed stratigraphpobrbe explained by a well defined sea level
signal. The inversion therefore clearly supporte @f the two stratigraphic correlation
hypotheses, as explained later (87.7.2).

The fifth period of relative sea level history, aoang from 145,000 to 253,000 years of
simulated time, is characterised in the three pmstegrobability distributions by well
constrained steady conditions with relative seallealues of around 35m (Fig. 7.11). This
period corresponds to the second episode of high mformation, from 145,500 to 253,500
years of simulated time (Fig. 7.10). The spreathefBayesian credible interval (5 to 7m) is
lower than that of the second sea level periodO(ED,to 105,000 years of simulated time),
which is also conditioned to a high level of prlorowledge. This lower spread reflects the
availability of more constraining observed datathe palaco-seaward parts of the cross-

sections, which corresponds to this fifth periodetétive sea level history.

Although the three posterior probability distrilmrts contain differences related to the location
of geographical areas that are unconstrained byobiserved data, the three independent
stratigraphic inversion processes were successfuiferring the same trends and values of
regional relative sea level history. Of equal intpace, the results clearly show a unique
solution for the relative sea level parameter, Whitus offers a strong basis to evaluate the

two alternative hypotheses for stratigraphic catreh (87.7.2). The posterior probability
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distributions of the local environmental parameterg. sediment supply, fallout mud rate and

fair-weather wave height) obtained for each cressisn are presented independently below.

7.7.1.2 Posterior Probability Distributions of the Local\Eionmental Parameters of the

Northern Cross-Section

Figure 7.12 shows the posterior probability disttibns of the sediment supply (Fig. 7.12B),
the fair-weather wave height (Fig. 7.12C) and th&l rfallout rate (Fig. 7.12D) obtained for the
northern cross-section. The relative sea levelgumstprobability distribution seen in Figure
7.11A has also been added to facilitate analyGieneral analysis of the three time-dependent
posterior probability distributions (Fig. 7.12 A, &d C) demonstrates clearly that there are no
time-related relationships between the variatiohthese parameters. This observation differs
from the conclusions drawn from the first applicatiof the numerical scheme in Chapter 6,
but it may reflect poor dataset coverage and quyanthich are insufficient to allow inference
of high frequency variations in the environmentaigmeters. In the first case study (Chapter
6), data from 8 logged sections were used to cansB5 km of cross-section recording
150,000 years of sedimentation; in contrast, hata ftom only 3 wells were used to constrain
75 km of cross-section recording 300,000 years egfisentation. Therefore, the results
obtained for the time-dependant local environmems@dmeters should not be over-interpreted.

Only their gross trends will be analysed below.

The posterior probability distribution of the seéim supply curve (Fig. 7.12B) shows
relatively low values (around 20°fy). The spread of the Bayesian credible intersatide (10

to 15 n?/y), but at gross scale, result show a progresk#eeease over the simulation time. The
posterior probability distribution of the fair-wéatr wave height regime (Fig. 7.12C) also
contains a very high level of uncertainty, becatiigeBayesian credible interval is 1 to 1.5 m
wide. At gross scale, results demonstrate thatwhee regime was relatively low with an
averaged fair-weather wave height situated betvieand 2 m. This trend remains relatively
constant over the simulation time. In contrasth® ather local environmental parameters, the
posterior probability distribution of the mud falforate is well constrained and is centred on a

relatively high value 0.05cm/y (Fig. 7.12D
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Figure 7.12: Environmental parameter posterior pabidity distribution inferred from the
dataset of the northern cross-sectiom),((B) and () show respectively the posterior
probabilities distribution of relative sea levelig- 7.11A), sediment supply and fair-weather
wave height curvesD| presents the posterior probability distributiohtbe time-independent
mud fallout rate. The dark continuous line in eagchph is the maximum likelihood estimate;

the light grey line represents the initial inputree and the dashed lines represent the
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boundaries of the 95% Bayesian credible intervdle ackground shading represents the
posterior probability distribution (dark means hghprobability).

7.7.1.3 Posterior Probability Distributions of the Local\Eionmental Parameters of the

Central Cross-Section

Figure 7.13 shows the posterior probability disttibn of the sediment supply (Fig. 7.13B),
the fair-weather wave height (Fig. 7.13C) and th&l fallout rate (Fig. 7.13D) obtained for the
central cross-section. The relative sea level postprobability distribution seen in Figure
7.11B has also been added. Again, examination ef tthhee time-dependent posterior
probability distributions (Fig. 7.13 A, B, C) denstrates that there are no obvious
relationships between the variations of relativa vel, sediment supply and fair-weather
wave height parameters. Even if the central cresiem is better constrained than the northern
cross-section, because a dataset of four wellsusad to constrain 75km of cross-section
recording 300,000 years of sedimentation, datatgyaand coverage still do not allow high
resolution inference of high frequency variatioms the local environmental parameters.
Consequently, the results obtained for the timesddpnt local environmental parameters

should also not be over-interpreted.

The posterior probability distribution of the seeim supply (Fig. 7.13B) shows relatively low
values (around 25 to 30%y), which are slightly less than those inferredtfee northern cross-
section. The spread of the Bayesian credible intédswvide and varies from 5 to 154y The
trends imply that the supply decreased progressasad slightly during the first 200,000 years
of simulated time. Then, it increased up to 3§mat around 250,000 years of simulated time,
before falling again until the end of the simulatiime. This increase in the sediment supply
may be related to the increased thickness of thsid&mnbasal unit and shoreface sandstone
tongue in the palaeo-seaward part of the crosssecas shown in well G. However,
transgressive erosion associated with floodindhattop of the basal Emsian unit, which was
not simulated in these inversions, may also bekeaddo explain the over-thickened shoreface

sandstone tongue in well G.
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Figure 7.13: Environmental parameter posterior pabidity distribution inferred from the
dataset of the central cross-sectiom),( (B) and ) show, respectively the posterior
probabilities distribution of relative sea leveli¢F 7.11B), sediment supply, and fair-weather
wave height curvesD| presents the posterior probability distributiohtbe time-independent
fallout mud rate. The dark continuous line in eaghph is the maximum likelihood estimate;

the light grey line represents the initial inputree and the dashed lines represent the
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boundaries of the 95% Bayesian credible intervdle ackground shading represents the
posterior probability distribution (dark means hghprobability).

The posterior probability distribution of the faueather wave height regime (Fig. 7.13C) has a
large spread: the Bayesian credible interval is 1.5 m wide. Once again, no high frequency
signal can be extracted from this posterior prdifglaistribution. Examination of these results

shows that the wave regime was relatively low vathaveraged fair-weather wave height of
between 1 and 2 m. This trend remains relativehstant throughout the simulation time. The
posterior probability distribution of the mud falforate is well constrained and is also centred

on values of around 0.05 cmly.

7.7.1.4 Posterior Probability Distributions of the Local\Eionmental Parameters of the
Southern Cross-Section

Figure 7.14 shows the posterior probability disttibns of the relative sea level (Fig. 7.14A),
the sediment supply (Fig. 7.14B), the fair-weatheve height (Fig. 7.14C) and the mud
fallout rate (Fig. 7.14D) parameters obtained foe southern cross-section. Once again,
analysis of the three time-dependent posterior gyitiby distributions (Fig. 7.14 A, B, C)
demonstrates that there are no obvious relatioadbepween the variations of the relative sea
level, sediment supply and fair-weather wave hejpgitameters. High frequency variations in
local environmental signals can not be reliablyrasted from the posterior probability
distributions. This result is even more pronounicethis cross-section, for which a dataset of
only two wells in palaeo-seaward locations was useaonstrain 75 km of cross-section

recording 300,000 years of sedimentation.
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Figure 7.14: Environmental parameter posterior pabidity distribution inferred from the
dataset of the southern cross-sectioA), ((B) and () show respectively the posterior
probabilities distribution of relative sea leveli¢F 7.11C), sediment supply and fair-weather
wave height curvesD| presents the posterior probability distributiohtbe time-independent
fallout mud rate. The dark continuous line in eaghph is the maximum likelihood estimate;

the light grey line represents the initial inputree and the dashed lines represent the
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boundaries of the 95% Bayesian credible intervdle ackground shading represents the
posterior probability distribution (dark means hghprobability).

The posterior probability distribution of sedimesupply (Fig. 7.14B) shows relatively low
values (around 20 fty). The Bayesian credible interval is slightly mawer than those of the
two first cross-sections (5 to 10°Ay), but still remains wide. The trend shows i supply
increases up to 30y during the first 100,000 years of simulated tieml then decreases to
15-20 nfly at the end of the simulation. The posterior phility distribution of the fair-
weather wave height regime (Fig. 7.14C) is brodee Bayesian credible interval is again 1 to
1.5 m wide. Once again, at gross scale, thesetsedeimonstrate that the wave regime was
relatively low with an averaged fair-weather wawaght of between 1 and 2 m during all of
the simulated time. The posterior probability dmition of the mud fallout rate is extremely

well constrained for this cross-section and is alatred on values of around 0.05 cm/y.

7.7.1.5 Summary of the Posterior Probability Distributiais€Environmental Parameters

The inference of the BARSIM environmental parangetEom the three cross-sections is
relatively successful considering the scarcity ohilable data to constrain the model
parameters. Although the stratigraphic inversioasehbeen independently run for the three
cross-sections, the results show coherency for tegfltonal and local parameters. In fact, for
all cross-sections, the inferred sediment suppjohies are relatively similar, with an average
supply value of around 2Ciy and a gently decreasing trend over time. Loealations (e.g.
the abrupt rise in sediment supply between 200d@D 250,000 years of simulated time for
the central cross-section) can be related to lomafigurations, such as the volume of sediment
required to infill variations in the initial topogphic profile. The fair-weather wave height
history is also relatively similar for each crogston, and is characterised by uniformly low
values. Again the mud fallout mud rates for eadss-section are similar and relatively high.
The three independent stratigraphic inversion e were also consistent in inferring the
same trends and values for the regional relatieeleses| history. The results show clearly a

unique solution for the sea level parameter: omg stratigraphic correlation hypothesis is
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valid, as discussed below (87.7.2). Of equal imguare, the spread of the inferred distributions
show that inferences of sediment supply and wavghhehistories have relatively more

uncertainty than inferences of the fallout mud &ate relative sea level history. The inverse
models seem to be more sensitive to these twopkstmeters. However, the number and
locations of observed data points are clearly ingaht to obtain better constrained results and
to study high-frequency, low-amplitude variations, iand interactions between, the

environmental signals.

7.7.2 Prediction of Grain Size, Bed Thickness and Stratigphic Correlation

In order to predict grain size and bed thicknesgriutions on the three cross-sections and to
assess the two stratigraphic correlation hypothekessets of parameters that maximising the
likelihood function in each inversion have beenra&octied from their respective posterior
probability distributions and used to conditionetardifferent BARSIM forward simulations,
one per investigated cross-section. Figure 7.15ente the three resulting forward simulations
of the northern, central and southern cross-sextibiigure 7.16 shows a high resolution
comparison of normalised grain-size signal betwsienulated and observed data at well
locations. As suggested by the coherent resultimst from the three independent inferences
of environmental parameters, the three forward Eittans of the northern, central and
southern cross-sections also present a single,r@athstratigraphic prediction. All of the
simulated cross-sections show two progradatiorsifigked shoreface-shelf sandstone tongues
separated by an interval of marine shale. Analgsrabining parameter posterior probability
distributions and forward simulations shows that tesulting stratigraphic architecture can be

separated into five distinct parts.

The first part of the stratigraphic architectur@resents the earliest stage of progradation
occurring in the palaeo-landward areas of the esestions. It is characterised by the proximal
segment of the shoreface-shelf sandstone tongukeirpalaeo-landward part of the cross-
sections. This segment of the tongue has a “norewtlessive” shoreline trajectorgensu
Posamentieet al, 1992; Helland-Hansen & Martinsen, 1996) (Fig.5J,.land was deposited

during the relative sea level rise occurring fronto25,000-50,000 years of simulated time
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(Fig. 7.11). The length of the tongue depends dyen the duration of the period of rising sea
level and, therefore, on the palaeo-landward thistion of observed data. Lower initial values
of relative sea level are a necessary conditiomay sediment (especially mud) palaeo-
seaward and therefore to explain the large thickméshelf mudstone relative to that of the
overlying shoreface-shelf sandstone observed ip#teeo-seaward wells (i.e. the implicit data
constraints imposed by these wells). The followpegiod of rising sea level was necessary to
explain the occurrence of the shoreface-shelf sgandgongue in the upper part of the palaeo-

landward wells.

The second part of the stratigraphic architectsireharacterised by the medial segment of the
same shoreface-shelf sandstone tongue, which éxtabsub-horizontal shoreline trajectory
(Fig. 7.15). This segment of the tongue was depogiuring the relative sea level highstand
occurring from 50,000 to 105,000 years of simuldiate (Fig. 7.11), and its architecture is
directly constrained by the wells A, B and D. Thickness of shoreface-shelf sandstone is
greater in these wells than in the others, due ¢omabination of higher sediment supply and
higher accommodation conditions, the latter charastic of progradation into an under-filled

basin.

The third part of the stratigraphic architecturecimracterised by the distal segment of the
lower shoreface-shelf sandstone tongue, which oontaown-stepping” facies belts that
record a “forced regressive” shoreline trajectosgnSuPosamentieet al, 1992; Helland-
Hansen & Martinsen, 1996) (Fig. 7.15). This negdyivinclined shoreline trajectory records
the abrupt fall of relative sea level occurringnrdl05,000 to 135,000-140,000 years of
simulated time (Fig. 7.11), and accounts for tharsening-upward succession found in the
lower part of wells C, E, F, H but not in wells @dal. Despite the high amplitude and rapidity
of the sea level fall, this portion of the tongwenains attached to the older shoreface-shelf
sandstone deposits. Although the sea level falliigcduring a shorter period (30,000-35,000
years) than the combined duration of the two previperiods of sea level history (105,000
years), the distance of associated progradatias ofuch greater. This greater progradation
distance results from a decrease in accommodatiental the combined actions of lowered
relative sea level and high mud fallout rate. lis tase, higher sediment supply via longshore

drift currents is not a necessary condition to teresignificant progradation. These lower
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accommodation conditions produced a thinned suiccess the distal part of the sandstone

tongue.

The fourth part of the stratigraphic architectisecharacterised by an overall flooding of the
sedimentary system (Fig. 7.15) caused by the sehrise occurring from 135,000-140,000 to
145,000 years of simulated time (Fig. 7.11). Thedigy of the relative sea level rise limited
the degree of erosion of the previously deposiedue, as well as deposition and preservation
of transgressive sandstone deposits. The low gradie the platform constructed by the
preceding progradation caused a major landwardadisment (15-30 km) of the shoreline and

associated facies belts during flooding.

The fifth and final part of the stratigraphic atefoture is characterised by a second shoreface-
shelf sandstone tongue (Fig. 7.15), which was deggbsrom 145,000 to 300,000 years of
simulated time (Fig. 7.11). The tongue exhibitsub-Borizontal to gently negatively inclined
shoreline trajectory and was deposited during steadditions of high sea level. This tongue
corresponds to the upward-coarsening cycle founidemupper part of wells C, E, F, G, H and |
(Fig. 7.5). In areas constrained by wells C, EnB Hl, the second tongue is underlain by a
shale interval and the distal, “forced regresssegment of the first tongue; generation of this
architecture requires a high mud fallout rate amitéd accommodation during deposition of
the second tongue. Therefore a “sharp-based” skmrghs shown by the Gamma Ray signal
inwells C, E, F and H; Figs. 7.5, 7.15) was geteetavithout a significant fall in sea level. The
second shoreface-shelf sandstone tongue does mbttekis sharp-based character in wells G
and | (Figs. 7.5, 7.15) because here the firstueng absent, and as a result accommodation

was higher during progradation of the second tongue

The results of the stratigraphic inversion procesdearly show that the “bedset” correlation
hypothesis (Fig. 7.7B) can be discarded, while tiiwo progradationally stacked
parasequencegborrelation hypothesis (Fig. 7.7A) is supportedisTdutcome is unambiguous,
as suggested by the uniqueness of the three pwsprobability distributions for sea level
history obtained independently for each cross-sectand is successful in allowing the few

available data available to constrain the strapigi@correlation.
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Figure 7.15: Predicted grain size and bed thickness distributions along ttleenoA), central (B) and southern (C) cross-sections. Theségsayathic predictions were realised by running three independent BARSIM
forward simulations conditions to the sets of parameters maximisingkéiddod function of each inversion process. Results show cohem@htlyree forward simulations contain two progradationally stacked
shoreface-shelf sandstone tongues separated by marine shales (i.e. ¢taioarhypothesis shown in Fig. 7.7A).
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The results also show clearly that the overall olesk stratigraphy is mainly driven by
variations in relative sea level in a context wheceommodation decreases progressively due
to a high mud fallout rate. Sediment supply by Enge drift currents has a lower impact on
the stratigraphic architecture, whereas low wavghteregime limited seaward transport of
sand and therefore prevented the creation of thiskadstone tongues. This combination of
sediment supply and wave regime conditions is stesi with the estuarine interpretation of
the sedimentary environment, in which high con@iins of mud were transported in
suspension from the river outlet to the sea. Howete formation of a longshore-oriented
subaqueous delta may also explain the high mudufathte. Mud wedges, which may or may
not be attached to river outlet, are a feature afyrsuch deltas. These features are created by
shore parallel hypopycnal plumes formed by therauiions between oceanic circulation and
river discharge (Cattaneet al, 2003). However, these processes imply strongheet
dimensional dispersal of sediment, and they carb®tinvestigated by the stratigraphic
inversion presented above because of two dimerisiormaulation of the BARSIM forward

algorithm.

The results prove that stratigraphic inversion asverful in predicting gross stratigraphic

architecture over a wide area from few observed.dats clear that conventional geostatistical
tools, used to characterised facies architecturesatrvoir scale, would fail to recreate realistic
facies architectures in such a geographical contéitout high quality seismic-volume

attribute data to condition them. However, highoheson comparison between observed and
simulated grain-size successions at some spedaddfidecations (Fig. 7.16) shows that even the
maximum likelihood forward simulations do not coetely match the observed data (cf
Chapter 6). This discrepancy may limit the diresé wf this numerical method (and similar
three dimensional methodologies) as a tool for sketic characterisation of petroleum

reservoirs, although stratigraphic inversion caeadly be used as a “process-based”

complement to constrain conventional geostatistealisations.
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Figure 7.16: Comparison between simulated and oleskgrain-size signals at well locations

for the northern A), central 8) and southern @) cross-sections. The simulated grain-size
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signals have been extracted from the inverted BWR&bss-sections conditioned to the

parameters maximising the likelihood function otleanversion. The thicknesses of the
simulated grain-size signals are normalised to tthieknesses of their observed counterparts.
The overall trends of grain size in each well agereated, but differences occur in the detailed
distributions. Simulated data also failed to repuod the upward coarsening succession in the

lower part of well G and | (black arrows).

Detailed analysis of the observed and simulatethgriae successions at well locations (Fig.
7.16) combined with analysis of the length of tlierced-regressive” sandstone tongue and
variations in its facies architecture (assessedampling different models from the posterior
probability distributions) show that the stratignapinverse method failed in reproducing the
upward-coarsening succession in the lower partedisvc and | (Fig. 7.16). This failure might

be explained by three factors.

(1) Firstly, the forward stratigraphic model failed stmulating the sedimentary processes

involved in the formation of this architecture.

(2) Secondly, the upward coarsening successions foutiteilower part of these wells are not
related to the upward-coarsening successions adasenvthe lower part of wells C, E, F
and H (Fig. 7.5); they are not part of the samect#d regressive” sandstone tongue. The
formation of these anomalous successions can Imeetkglained in terms of clinoformal
bedsets that the stratigraphic inverse methoddfadereproduce in this case. However, the
overall low wave regime and low accommodation cxinigue to the high mud fallout rate,

do not favour this hypothesis of long sandstonk-biedsets.

(3) Thirdly, the upward-coarsening successions foundhe lower part of these wells are
related to the upward coarsening successions daasenvthe lower part of wells C, E, F
and H (Fig. 7.5); they form part of the “forced meggive” sandstone tongue. The
stratigraphic inverse methodology failed to repialthese succesions because of its two
dimensional formulation. Given the reconstructidmemional palaeogeography (Figs. 7.6),
it is plausible that changes in local shorelineetation from NNW-SSE to WNW-ESE
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occurred during progradation (Fig. 7.17). As a direonsequence, the palaeo-seaward
position of wells G and | was overestimated in nhedelling approach, and these wells
may have lain in a more palaeo-landward positiomsistent with the upward-coarsening
trends in their lower parts (Fig. 7.16). Such angeain shoreline orientation, and other
effects of three-dimensional basin physiographynnoa be modelled by the two
dimensional formulation of the BARSIM algorithm, exv by inverting several two-
dimensional cross-sections. This mechanism probabpresents the most plausible
explanation for the discrepancy between observddsemulated data. Future developments
of this work should consider the use of a threeeathisional forward model, subject to the

constraints of computational time.

Figure 7.17: Simplified palaeogeographical cartoalhsstrating possible changes in shoreline
orientation during the progradation of the firstdifced-regressive” sandstone tongue. In
scenario A, shoreline orientation did not changerimty progradation. This scenario is
implicity modelled by the inverse stratigraphic merical scheme because of the two
dimensional formulation of BARSIM forward algorithin scenario B, shoreline orientation
changed from NNW-SSE to WNW-ESE during the progoadaecause of the three
dimensional physiography of the basin. As a consecg, wells G and | are situated in a more
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palaeo-landward position than in scenario A. Thisgible change in shoreline orientation is
invoked to explain the occurrence of upward-coarsgrsuccessions which have not been

reproduced by the inversion scheme in the lowet piawells G and I.

7.8 Discussion and Concluding Statements

The application of the stratigraphic inverse andwvByd numerical scheme to the Emsian
subsurface data was successful, given the obsedetal quantity, the size of the area
investigated and the assumptions of the stratigedphward algorithm formulation. In fact, a
relatively well resolved stratigraphic history Haeen inferred for the three cross-sections of 75
km length, which are constrained respectively by & 4 and 2 wells that record 300,000
years of sedimentation. Although three independeatigraphic inversions have been run for
the three modelled cross-sections, the results stalwrency in values and gross trends for
both local and regional environmental parametenss Toherency shows the robustness of the
developed methods. One major finding is that omlg oorrelation strategy is viable across the
studied area. This outcome greatly reduces unogyta reservoir presence, extent and quality
over the investigated area. Such an approach imengfore constitute a robust basis for

management decisions to proceed with, or abantlergeévelopment of this prospect.

7.8.1 Inference of Environmental Parameters

The principal results for the inferred environmépirameters are listed below.

1. The relative sea level history is relatively walinstrained and can be subdivided into
five main periods. The first period was charactstiby a relative sea level rise and the
second period by steady conditions of high seal.lévge third period contained an
abrupt fall of sea level, followed by a rapid se®el rise in the fourth period. The last
period was characterised by steady conditions gif Bea level. Of equal importance,
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the relative sea level posterior probability dsttion shows a unique, well constrained

and unambiguous sea level history for the third fandth periods.

2. For all three cros-sections, the average sedimgapilg was approximately 203y and

tended to decrease through simulated time.

3. The fair-weather wave regime was low (1-2m fair-theawave height on average) and

effectively constant.
4. The mud fallout rate is extremely well constraired was high (around 0.05 cm/y).

The Bayesian formulation of the inverse problem bhesn shown to have clear advantages
over other approaches, with the possibility of addilifferent levels of prior knowledge for
different periods of the sea level history in tbése study. In fact, this formulation facilitates
the production of coherent independent inversiohghe three cross-sections by adding
geological prior information, derived from the syuaf the whole dataset, to parts of individual
cross-sections not constrained by well data. Ofkmoportance, the sediment supply and fair-
weather wave heights posterior probability disttins have a greater degree of uncertainty
than the relative sea level and mud fallout posteprobability distributions. The inversion

process is thus more sensitive to these two lashpeters.

However, it is clear that the numerical methodsehasme weaknesses that might impact

subsequently on the inference of the BARSIM envimental parameters.

1. Firstly, as already mentioned in Chapter 6, the BAR forward algorithm does not
include dynamic compaction processes when simglasgdimentation. In this case
study, this absence might be problematic as theiestunterval contains a significant
proportion of mud. As a result, the widths of thesierior probability distributions are
clearly overestimated. This problem is not a fundatal limitation, because a
compaction algorithm can be added to BARSIM foufatwork; however, this addition

will diminish the computational efficiency of theARSIM algorithm.
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2.

3.

Secondly, as also already mentioned in Chaptenesivio-dimensional formulation of
BARSIM represents another source of errors by asspihat the modelled cross-
sections were precisely down-dip oriented. Errortheir estimated orientation lead to
an artificial increase of the total volume of sedihpreserved in the cross-sections and
therefore to an over-estimation in the inferredt@asr probability distribution of the
sediment supply and mud fallout rate. However, sssbes can easily be solved in

future works by using a three dimensional strapigraforward modelling algorithm

Thirdly, the initial manual design of the physioghec profile in areas unconstrained by
well data might add some bias in the inference mfirenmental parameters by
impacting directly on the volume and architectufesediment in the inverted cross-

sections.

Fourthly, the application to subsurface data rexlithe transformation of the Gamma
Ray signal of each wireline log into a grain-simgnal. In this case study, this process
has been realised in a very simple manner by wsiimgear correlation between the two
signals in cored intervals, and then extrapolatimegrelationship into uncored intervals.
It is clear that the relationship Gamma Ray charagtain size relationship is more
complex. In particular, shales are poorly samplgddre and their “grain-size” values
might be misevaluated. However, this method yiadsrall grain-size trends in the
non-reservoir intervals, and provide useful comsing data for the reservoir intervals
of interest. Moreover, the Bayesian formulatiorowkid the inversion scheme to deal
with measurements errors in the estimated gram-siazlues when inferring the

environmental parameters.

Fifthly, the last weakness of this application daes come from the numerical model
itself but from uncertainty related to the lackagfe data. This lack of data requires
depositional ages to be estimated, which in tuquires a number of assumptions that
also impact the design of the prior probabilitytdmition for relative sea level. In this
case, estimated ages were assigned to observediat@lassuming a constant overall
progradation rate and shoreline orientation over wole period of simulated time.

This simple approach was chosen because of thes largertainty inherent to
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stratigraphic correlation within the study areattWthe benefit of hindsight about the
most likely stratigraphic correlation hypothesigsiclear that the duration of periods of
falling and rising of relative sea level has begpriori underestimated as a direct result
of the assumption of a constant progradation retefact, deposition of the lower
tongue and subsequent flooding was forced to td&eepin a short time interval
occurring after the estimated age at well B andteethe estimated age at well H,
which enhanced the rapid character of the rela@selevel fall and rise. The posterior
probability distributions of time-dependent envineental parameters should have been
“stretched” to encompass longer periods of relase@-level fall and rise. Although this
assumption may have introduced an unconsciousalgiasmst the “two parasequences”
correlation hypothesis, because it forced rapidatired sea level changes, the
stratigraphic inversion shows that this correlatigqppothesis remains the only viable

solution.

The issue of estimated age constraints needs &mldheessed carefully in future developments
of this modelling approach, although it is strongiglated to the specific case being
investigated by stratigraphic inversion. Potensalutions should firstly consider the use
of fewer age estimates, and/or of artificially i@sed errors on these age estimations, in areas
where stratigraphy is ambiguous (e.qg. in this ceseells B, | and H). These solutions should
secondly compensate the lack of timing constraiat the use of information-rich prior
probability distributions for the time-dependentgaeters, in this case especially for relative
sea level. However, contrary to the prior distribmitof relative sea level used in this study,
such prior information should also be more flexiimethe sense that time boundaries and
probability values between periods with differergvdls of prior knowledge should be
progressive and should inclua@e priori all the potential solutions of the inverse problem
without introducing bias. It is clear that suchoprinformation is difficult to set up, as it
requires a clear and objective view of the rangpadéntial stratigraphic correlations and of the
parameters having the strongest impact on the wddestratigraphy. Such an approach might

also be more CPU intensive.
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7.8.2 Grain Size and Bed Thickness Prediction

The stratigraphic inverse and forward modellingrapph successfully predicts grain size and
bed thickness distributions for the three crossises from a very little amount of observed
data. The method also shows the possibility of ss$8g uncertainty in these distributions.
More importantly, the results clearly demonstragg the “bedset” correlation hypothesis is not
supported by the data, while the “two progradatignstacked parasequencesbdrrelation
hypothesis is favoured. In fact, forward realisasiconditioned by parameters extracted from
the posterior probability distributions show twagradationally stacked shoreface-sandstone
tongues separated by a flooding surface, with redterg periods of “normal regressive” and
“forced regressive” shoreline trajectories occigrim each tongue. The uniqueness of the three
posterior probability distributions obtained foetrelative sea level parameters suggests that

this result is unambiguous.

These results also demonstrate that the overatigitaphic architecture was mainly driven by
sea level variations in a context where accommodatecreased because of a high mud fallout
rate. Sediment added by longshore drift currenssehéower impact on stratigraphy, whereas
the low-energy wave regime limited the seawardsjpan of sand. These sediment supply
characteristics support an estuarine interpretadibthe sedimentary environment, in which

high concentrations of mud were transported insasipn from the river outlet to the sea.

Although these results are promising, the inversisults again show some weaknesses in
their prediction of stratigraphy. Firstly, the imge approach fails to reproduce and explain -
upward-coarsening trends in the lower part of the most palaeo-seaward wells (G and 1).
These trends are probably related to a forced seiye sandstone tongue with a similar
expression in wells C, E, F and H. However, the hoetfalls down because of its two
dimensional formulation, which limits its capacity deal either with a complex three-
dimensional basin physiography or with changesoreline orientation. Future developments
of this work should consider the use of a threeedisional forward model of stratigraphy,
although this will considerably reduce the compatetl speed of the stratigraphic inverse and

forward modelling scheme. Detailed analysis alsongd that the numerical method did not
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match the observed data at bed- and bedset-sedlesy may limit its use as a direct tool for

the numerical static characterisation of petroleaservoirs at these scales.

Overall, however, this approach has many positaures and therefore should be considered
as complement to traditional geostatistical tobBisst, it can simulate facies distributions using
few and widely distributed conditioning data, innt@st to conventional geostatistical tools
which would require a larger amount of “soft” cammhing data. Secondly, the approach is
based on real-world sedimentary processes andatesreealistic sediment-body geometries
and stratigrapic architectures as a result. Thirdhe method can be used to evaluate
stratigraphic correlation hypotheses and to propbféerent realistic scenarios for uncertainty
assessment. Fourthly, vertical grid cell resolut®self-generated according to the thickness of
sediment deposited. Consequently, the charactensabf small-scale sedimentary
heterogeneities is not limited by a pre-defined gell resolution. Thus, the inverse numerical
method developed in this work can be used to comgi¢ existing reservoir modelling
techniques in two ways: (1) to construct faciesbpholity cubes that provide “soft”
conditioning constraints on geostatistical toolsd §2) to design complex numerical grids
representative of stratigraphic architecture (elmpoforms within shoreface-shelf sandstone

tongues).
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Chapter 8

8 Conclusions and Future Work

In this thesis, | have discussed the topic of #aeetbpment and linkage of stochastic numerical
inverse methods to a two dimensional “process-Baseavard modelling algorithm for
shallow-marine wave-dominated sedimentary enviranmg¢BARSIM; Storms, 2003), and
have presented two applications to real datasebubmout this work, | have emphasised the
importance of assessing uncertainties in inferredehparameters and in model predictions, as
well as addressing the issues of possible non-eniegs of the stratigraphic inverse problem.
For that purpose, | have developed an appropnaterse method, formulated in a Bayesian
framework, using both conventional MCMC, trans-disienal MCMC and Simulated
Tempering algorithms. The link between the investsategy and the numerical forward model
of stratigraphy required the construction of a lik@od function to quantify the agreement
between simulated and observed data of differgregye.g. sediment age and thickness, grain-

size distributions). The major contributions andatasions for this work are outlined below.
On the Efficiency of the Inverse and Forward Modglh Scheme

The detailed implementation of the newly developstdhtigraphic inverse and forward
modelling scheme was presented in Chapters 3 amtietinversion algorithm was tested and
validated on synthetic data in which all the parrsewere specified to produce a ‘perfectly
known’ BARSIM forward simulation. Different scenasi have been investigated in these tests

and the main conclusions are:
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. The Bayesian formulation of the inverse problem onoly allows the inference of the
BARSIM environmental input parameters and theipeesive uncertainty but also allows
assessment of their sensitivity to the model foatimh. The numerical experiments
demonstrate that uncertainties in the inferred ligsare directly dependent on the
magnitude of measurement errors for the observed, dgdthough there is no linear
relationship linking measurement-error magnitude @sulting uncertainty.

Because the Bayesian approach is naturally parsousnthe use of RIMCMC samples is
preferred in that it enables a trans-dimensionglr@ach that preferentially avoids over-
complicated models for the available data, thersdsjucing computational costs. This
points also represents a limitation of the invarsieethod as it requires that input observed
data should be selected carefully in order to ipooate the level of complexity (or
heterogeneity) required in the inverse solution.

. The use of the Simulated Tempering sampler coredidgimproves the robustness of the
inverse scheme, because it allows a complete exarof the parameter space in order to
fully sample (1) the posterior probability distriimn of the input parameters and (2) all
possible solutions of the inverse problem. Tests alemonstrate that the solution of the
inverse problem may not be unique, even thoughstiaigraphy may be the result of a
unique combination of processes and parameters. nbmeuniqueness of the inverse
problem can result from differences in data qualfpantity and, most importantly,
distribution.

. Geological prior information about the environmeéntaput parameters can provide
important additional constraints on the inversicwagess, by reducing the number of
possible local solutions and the burn-in periodwieer prior knowledge should not be
chosen to be too restrictive (unless justified frgeological data, for example) as it can
lead the inversion process to sample only partiadlgot at all in the preferred solution area
of the model space.

. The multi-iterative inversion process was relav&lPU intensive as it required the
obtaining of a large number of samples (i.e. giraphic forward realisations), extracted
from the “cold ” post-burn-in Markov chain, to const a reliable representation of the
target posterior probability distribution. Thisemse CPU usage required the use of a quick
stratigraphic forward modelling algorithm and of aversion scheme able to explore

efficiently the parameter space.
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Following these successful tests, in which BARSIEkvassumed to be a perfect simulator, the

inverse and forward modelling scheme was appliedwo real case studies: the Upper

Cretaceous “Standardville” parasequence of the ddmr Member of the Blackhawk

Formation (Book Cliffs, Utah, USA) in Chapter 6 atite sub-surface Emsian deposits of

South Algeria in Chapter 7. In terms of algorithfficeency, the main conclusions of these

applications are:

6. The inverse and forward modelling scheme showedrlglgts ability to be successfully

applied to real datasets, provided that the lattey selected with due care for the
assumptions and simplifications of the underlyiogMard stratigraphic model. Interactions
between environmental parameters were successhityred with different levels of
resolution according to the density of availablsesed data. Grain-size and bed-thickness
distributions were predicted on cross-sectionsgit-resolution spatial and temporal scales
while honouring (1) understanding of the sedimergwmal processes active within wave-
dominated systems and (2) the input observed data.

Inversion results were clearly conditioned on, amdy as good as the ability of, the
forward modelling algorithm (i.e. model formulatiosimplications and assumptions) to
simulate the sedimentological processes resporf@blgeposition of the studied strata and
to consider the full range of environmental pararsethat drove the past stratigraphy.
Because of the two dimensional formulation and riehe simplifications of BARSIM,
predicted stratigraphy will never perfectly matble bbserved data. As a consequence, the
inversion process never reached the highest prdlyadolution areas and sampled more
local modes presenting lower probabilities, as shawChapter 6: in this case, a multi-
modal posterior probability distribution did not amenon-uniqueness of the stratigraphic
inverse problem.

Robust data preparation, prior to the inversiorcess, was fundamental to reduce bias in
the inferred parameters, as shown in Chapter 7ebMar, the gathering of age data to
constrain the inversion of time-dependent pararaetemained an issue (Chapter 6 and
Chapter 7) that has been overcome by determinitiicesl ages based on an assumed
constant progradation rate. However such an assompiases the inferred solutions

towards those having smoother transitions betwdééreht regimes, which is not entirely
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supported by observation of modern systems thatibi#xperiods of rapid shoreline
progradation followed by long periods of non-adiyi

10.Again, use of prior knowledge has proved to be & eslvantage in constraining the
inversion process. For example, the case studyidedcin Chapter 7 shows the value of
incorporating contextual geological information yided by analysis of a larger dataset

than that used directly to constrain stratigrapmersion.

On the understanding of Shallow-Marine Wave-Domimat Environments

Applications to real datasets greatly contributedhie understanding and quantification of the
past sedimentary processes driving both intra-pgrtsence and basin-scale stratigraphy within
the limits of observed data quality, quantity anstrdbution. The major contributions of the
case study of intra-parasequence facies architedescribed in Chapter 6 are:

1. The numerical application (Chapter 6) not only aoméd, but also quantified, all of my
stratigraphic interpretations previously proposedie basis of field observations (Chapter
5). The internal stratigraphic architecture of ttedied parasequence is characterised by
alternating periods of normal regressive and fonemtessive shoreline trajectory, which
reflect complex, high-frequency interplays betweelative sea level, wave height regime
and sediment supply parameters.

2. The inferred presence of high-frequency variatiohthe relative sea level at such temporal
and spatial scales suggests that conventional segqusratigraphy methodology lacks
robustness when intra-parasequence variabilitpi€onsidered.

3. Large fair-weather and storm wave heights were ssug to transport sand seaward in
order to create bedsets, provided that sedimeipiygwas sufficient.

4. Strongly progradational stacking of bedsets redflgmtriods of falling relative sea level,
increased wave-height regime and increased sedsueply.

5. Aggradationnal stacking of upward-coarsening bedsdflects periods of rising relative sea
level and increased wave height, provided thatnsedi supply was sufficiently large.

6. Mud fallout rate in the shoreface area was low ar@bmmodation was high, thus allowing
the development and preservation of the complesrmall stratigraphy observed in the

studied parasequence.
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7. BARSIM simulated cross-sections have the advantagefiowing us to visualise directly
shoreline trajectories. Alternating periods of nalmmegressive and forced regressive
shoreline trajectories created conditions undercclienses of back-barrier deposits were
developed and potentially preserved. Predictingltication of these lenses might have

direct implications for exploration and productioihcoal seams.

The major contributions of Chapter 7 for sub-sugfpcediction of stratigraphy are:

8. The numerical application successfully and unanmduigly identified a favoured
stratigraphic correlation, even with very limitedtd spread over a large area: the Emsian
stratigraphy is characterised over the investigatezh by two progradationally stacked
shoreface-shelf sandstone tongues (parasequerftas)internally contain alternating
intervals of normal regressive and forced regresshoreline trajectory.

9. Stratigraphic architecture in this case study wasstiy driven by relative sea level
variations associated with a high mud fallout natdch contributed significantly to the
progressive infilling of accommodation. A combiwatiof low wave-height regime and low
sediment supply via longhore drift currents limigsghward transport of sand and enhanced
the development of thin shoreface-shelf sandstongues. These results are consistent
with the interpreted palaeogeographic setting lafge estuary.

10.The numerical approach can be used as a “procaesstbaomplement to conventional
geostatistical tools in the static characterisatiohhydrocarbon reservoirs. It can either be
used for the building of facies probability cubes fsoft” conditioning of geostatistical
realisations or for the construction of complex ruical grids that represent stratigraphic
architecture and sedimentary heterogeneities iepdogically realistic and computationally
efficient manner. Also, the fact that we charasencertainty as probability distributions

means we can readily run multiple realisationswdrom the posterior.
Future Work
Throughout this thesis, the possibilities for fetuvork and improvements of the stratigraphic

inverse and forward modelling algorithm have beghlighted. Three main areas of fruitful

future work can be identified.
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The first main area for future development wouldtlhe use of a three-dimensional forward
model of stratigraphy. This would allow fuller caeration of stratigraphic architecture
associated with (1) the high-resolution stratigiepdind palaeogeographic evolution of the
asymmetrical wave-dominated delta described in €@nep (2) the impact of wave approach
relative to the shoreline orientation and of fliggulsions in the formation of beach ridge sets
and associated bedsets (e.g. those described pteCi®), (3) the effects of complex basin
physiography and changes in shoreline orientaisrhypothesised in Chapter 7. It would also
(1) solve the issue in the inferred posterior pbilig distributions of sediment supply and
mud fallout rate introduced by misevaluated dowm-atientation of the cross-sections and (2)
allow the comparison between environmental pogtedistributions resulting from the
application of different stratigraphic forward afigbms (linked to the same inverse strategy) to
the same observed data.. A numerical three dimealsforward model of stratigraphy should
also be sufficiently fast to enable the inversioogess in a reasonable timeframe, and should
also include dynamic compaction processes. Compuo#dtefficiency can be improved by

developing a parallel version of the numerical scb€Geyer, 1991).

The second area of future work is the developména eanore efficient and “intelligent”
likelihood function to decrease the burn-in peram@l improve the sampling strategy of the
inverse process. For this work, a very simple ila@bd function was designed that evaluated
the match between observed and simulated datanmdésediment age, thickness and grain-
size distributions. More efficient likelihood fumehs should be able to assess sediment body
geometries and volumes, as well as to determinégin@ogical plausibility” of a solution by
adding prior information directly in the likelihoddnction (Wijnset al, 2003), although it is
difficult to distil this latter assessment into mgle value. More “intelligent” likelihood
functions should be able to perturb the model patara during the inversion process,

according to evaluations of the degree of fit ferdifferent components.

In the third main area, future work should apple ttratigraphic inverse and forward
modelling scheme to numerous case studies of mmodypunderstood depositional systems
and stratigraphic architectures, in order to inseeaur general understanding of the effects of

interactions between environmental parameters. Amoos example would be applications to
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transgressive wave-dominated sedimentary systernghware more poorly preserved than

their regressive counterparts, and thus more pamdierstood.
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Appendix : Algorithm Implementation

A. RIMCMC Jump probabilities

At each iteration of the RIMCMC, one of the foumpu types is randomly chosen, with
probabilitiesby, d« mx and mi respectively for “Birth”, “Death”, “MoveX” and “MoeT”
jumps (ensuring that, +d, +my, +mt, =1).
We setbymax= 0 anddimin = 0, so that the limits of k can not be exceeded.
Hence ifk = kmax then bymax= 0, tkmin= 0.2, M¥min = Mmir= 0.4

if kK =kmin, thenbymin= 0.2, tkmin= 0; MXmin = Mimin = 0.4
Otherwise kmin <k<kmaj bx = dk = 0.15 andnx = mi = 0.35

For a fixed dimension jump, the jump ratio is tleways equal to one.

B. RIMCMC “MoveX” jump.

B.1 Proposal

A change to ax' value is attempted by first choosing one of tkie...,x* coordinates at
random, obtaining sax’, and by, secondly, proposing a new value, g4y from a normal
proposal distributiorN(xj ,sf) centred on the current’ value with variances .

The transformation can be summarized as follows:

Xc{zk} :{t{k} ,X{k}} ® X :{t{k}, X.{k}}
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B.2 Acceptance

The acceptance probabilitya (X, X")yex for each “MoveX” jump becomes equal to

likelihood ratio time the prior ratio of the valudsandx’ *

p(Dobs | k’ x'{Zk} ) p(Xj ')
p(Dobs | k’ xc{Zk} ) p(Xj )

a(X . X" yovex = Min(L, LR) = min 1,

C. RIMCMC “MoveT” jump

C.1 Proposal

2

For a “MoveT” jump type, one thé,...t*?, is chosen at random, obtaining, sely The

candidatet’'is drawn from a normal distributioN(tj ,sf) centred on the current value with
proposal variance?, conditioned on the interv:{tlj'l,t“lj (t!T [t t"*"*]with respect to the

requirement® <t? <...<t).

The transformation can be summarized as follows:

xc{Zk} :{t{k} , X{k}} ® X1t :{t' K} ,X{k}}

C.2 Acceptance

The acceptance probabiligy(X_, X") for each “MoveT” jump becomes:

move t

N p(D kX (- ) ()
a (X, XD uover = Min 1, .
(Xor X D P(Dyos [k, X2 (e - 1) (- 1,4)

The prior ratio PR of a “MoveT” jump being equal to
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o PICXT) p(k). p®). p(x®) _ p@e)

pk, X, %) pk)  pt™)  p(x*)  p(t™)
o PO, ) (U ) )
pth 2.t th) (- ) - 1)

D. RIMCMC “Birth” jump

D.1 Proposal

To maintain a good acceptance rate, this jump hgsebeen designed to draw “Birth” points

close to the target posterior probability distribaot
. To draw the time coordinate of the candidate poinK ":

- Firstly, one of the pre-existing time coordinatet,,... t, , is chosen at random, day

(with probability 1 ).

- Secondly,t”is drawn as follows:
=t +U " Sy
Where u, is a random number drawn from a uniform distributU]O,]{ (9,(u)=1)
ands, ., = b(tj+l - 4 ) with b being a coefficient chosen a priori comprised leev
Oand 1.

The corresponding value of the candidate birth poit”is drawn as follows:

X =xT+U," S,
Where u,is a random number drawn from a uniform distributimj—%,%[
(9,(u,)=1), S, . IS chosen a priori andk?®is the corresponding coordinate of,

calculated by linear regression between the poits and X1

2 (t* - tj)(xjﬂ N XJ)

=T t..-t;)

17
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The birth move transformation can be summarizedlsvs:
(X c{2k} , k)® (X { 2k+2} ,k + 1)
with, for the dimensiork  k+1

where, for the sea level coordinates of the polnts X' means:

X' =x' fori=1,2,...,j-1
X=X U, S binn fori=]
X' =x"1 fori=j+1,....k+1

and where, for the time coordinates of the pofjts  t' means:

"=t fori=1,2,...,j-1
=t U S i fori=|
t" =t fori=j+1,..., k+1

Note that when there al@X‘points, there ark t' coordinates and x' coordinates, making
the dimension of the systeth equal to2k. A birth proposes a move to a system of dimension

d; equal ta2k+2, from a random vectdy={u1,u;} of dimensiorr; = 2.

D.2 Acceptance

The acceptance probabiligy(X *, X %2 for each “Birth” jump becomes (Appendix,
part 6, sections 6.1, 6.2, 6.3, 6.4):

P(Dgys | X k+1), p(x ™ [k+1).

a(X., X" g = min
( c )B th (1' p(DobS | XC{Zk},k) p(X{k} |k)

2k +3)(2k +2). {7 -t Jex-t'). : ‘
((t+ —)(t ' -;2 ) ( (tJ'+l)_(tj) ) S tbith S x- birth JR

Having choses, ;. = b(tj+l -t ) the acceptance ratio becomes:

{2k+2} (k)
a(X¢, X" )i =min (1, P(Dos | X K+1) . p(x |k +1).

P(Doys | X2, K) p(x" [ k)
b2k +3)(2k +2)(t - t*)ex - 1), ,
(t -t )2 sx—birth JR
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E. RIMCMC “Death” jump

E.1 Proposal

Following the dimension balance requirement, thetldenove consists on deleting one of khe
X* points randomly chosen.

The death move transformation can be summarizéallaws:

(x.™ k)@ (x@2 k-1)

E.2 Acceptance
The acceptance probability of the “death” move tres same form as the birth acceptance
probability with the appropriate change of labeliofy the variables, and the ratio terms

inverted.

F.Detailed implementation of the acceptance probakiy of a “Birth” jump.

F.1 Prior Ratio PR

pre PXP k+1) | plk+D). p(x* [k+1). p' [k+1)
. k) ek PO P (k)
With:
@ Mo
p(K)

Any configuration ok are as likely as any others in the intervak{lkmax

2k+321‘JL3 . .
k+3) — 1 Q- )

p(t'{kﬂ} | k+1) — 1:max _tmin =1
t{k} k - 2k+12k,+1 . .
PEETO ey T 1t O - th)

max min j=1

(2)
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P [k +1) _ (2k+3)(2k+2). [t - t+)t*-t7)
P IK) (- ton) - t)

Then the prior ratio®Rbecomes:

_ pOc™H Kk +1), (2k+3)(2k+2), [t - e et
PR (e~ b )’ - o)

F.2 Proposal ratio PrR

In the case of a Birth Jump, the proposal ratidbghbility is the ratio of reversing a proposed

jump (death, dimension k+1) to proposing that juiBjpth, k), thenPrR becomes:

1
R_ Deatf‘(k+l) B g'(ul,x'{2k+2}) _ E _ (k_ 1)
“ Bith(l)  gu,x™) 1 o«
Ir ( ) g(u, ) 791(”1)92(”2)

(k-1
F.3 Jump ratio JR

The jump ratio probability is the ratio of propagithe reverse move of the proposed move.

Then,
(1) If k is different fromkmin andkmax-1,thenJR = 1

(2) If k= kmin,then RJ = M = _%125

k min
d

(3) If k = Kma -1, thenR\]:bkﬂ:

0.2
015

k max- 1

(There is no birth proposed far= kmay
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F.4 The jacobian | J |

{2k42} o
To calculate the Jacobi (X 20 ,u)
X+ ,u

many of the vector components are not altered &yrdnsformation, the Jacobian reduce to:

.”(t*, X*)
T(u,,u,)

, an order2k+2 determinant is needed, but because

=

S't- pirth 0

0= - X
St— birth tj+1 _ tj Sx— birth

U |‘]| =S pith S xbirth

259



Inverse and Forward Modelling of Stratigraphy

260



