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No consensus has been reached on whether the metre-scale cycles that commonly occur in peritidal carbon-
ates are predominately a product of external relative sea-level variations (allocycles) or an intrinsic property
of carbonate production generated via the interaction of non-linear processes (autocycles). For any forcing
signal such as eustatic sea-level change, to be detectable in stratigraphy its effects must be preserved.
Here, a deterministic, three-dimensional geological process model is used to explore how such cycles are pre-
served in the geological record in the presence of autocyclic processes. Each simulation produced cycle thick-
ness distributions that are statistically indistinguishable from a theoretical Poisson process, regardless of
whether auto- or allo-cycles dominated. Spectral analysis of depositional time series constructed from
idealised geological sections showed that all detectable signals occurred within the Milankovitch forcing fre-
quency bands, even when no Milankovitch forcing was present. Thus, it is deduced that from any geological
section alone, external forcing signals are detectable but are not distinguishable from autocyclically produced
signals. Interestingly, there is no correlation between the percentage of sediment preserved and the accuracy
with which signals are detectable in the preserved sediment: in some model realisations, even with preser-
vation as low as 40%, the correct forcing signal can be detected accurately while, conversely, sections with
preservation as high as 90% can have poor signal preservation. The reverse can also be true in other models.
It is therefore concluded that distinguishing allocyclic and autocyclic forcing in shallow marine or peritidal
carbonate successions is likely to be extremely difficult except in cases of extraordinary sedimentary preser-
vation and dating accuracy.

© 2012 Elsevier B.V. All rights reserved.
1. Introduction

The observation of metre-scale cycles (Fig. 1) is common inmany an-
cient carbonates, most notably in peritidal settings (Ginsburg, 1971;
Goldhammer et al., 1993). The actual facies recorded vary from fining up-
wards to coarsening upwards sequences (Spence and Tucker, 2007). The
cause of flooding surfaces is an increase in relativewater depth at a given
location,which is due either to eustatic sea-level rise or to periods of non-
deposition coupled with subsidence and/or erosion. Eustatic sea-level
changes driven by orbital forcing (Milankovitch rhythms) are often
given as the primary driver for the cyclicity observed in the rock record
(e.g. Spalluto, 2011). Alternative explanations include tectonic forcing
(Bosence et al., 2009) and as a result of autocyclic phenomena, whereby
relative changes in sea-level are created by interactions of non-linear sed-
imentary processes intrinsic to carbonate production (Ginsburg, 1971).
However, it is likely that a number of processes interact (Tucker and
Garland, 2010).
nce and Engineering, Imperial

rights reserved.
The origin of carbonate cycles is of considerable importance. If cyclic
accumulations can be demonstrated to be dominantly allocyclic and
driven by glacio-eustatic forcing, then a high resolution, temporal frame-
work exists within ancient deposits that would enable themeasurement
of sediment accumulation rates, evolution and correlation in unprece-
dented detail. If, by contrast, such successions are dominantly autocyclic
then their distribution should rather be interpreted as informingmodels
of interacting sedimentary processes (Drummond andWilkinson, 1993).
Alternatively, the relative sea-level changes recorded could be tectonic in
origin and hence the cycleswould record local tectonic histories (Bosence
et al., 2009).

The forcing mechanisms have been inferred in a number of ways.
Milankovitch forcing can control sediment deposition via eustatic
sea-level change. They have been inferred via cycle stacking patterns
with cycle thickness ratios of either 4:1 or 5:1 (100 kyr:25 kyr or
100 kyr:20 kyr) (e.g. Goldhammer et al., 1987, 1993; Decisneros and
Vera, 1993; Balog et al., 1997; Bosence et al., 2000; Barnett et al., 2002;
Hofmann et al., 2004) when two or more Milankovitch rhythms were
operating or via spectral analysis using cycle thicknesses as a time series
(e.g. Balog et al., 1997). Such spectra have frequencies of cycles per unit,
so unless the time taken for cycles to form can be estimated, the time se-
ries cannot be converted into temporal frequencies (e.g. Hinnov and
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Fig. 1. Shallow marine ramp cycles in San Andres Formation, USA (Algerita Escarpment).
The variation in cycle thicknesses can be seen clearly.
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Goldhammer, 1991). Evidence for autocyclic controls comesmainly from
statistical properties. Analysis of cycle thickness distributions from field
datawould showno significant differences from theoretical distributions
assembled from stochastic Poisson processes (Wilkinson et al., 1998).
The stochastic processmanifests as an exponential decrease in frequency
with increasing cycle thickness (Wilkinson et al., 1996, 1999) but this re-
sult is not ubiquitous in the geological record (Burgess, 2008; Burgess
and Pollitt, 2012).

All forcing mechanisms can be understood via numerical forward
modelling where knowledge of physical, chemical and biological
processes is encoded into algorithms that can perform simulations
of sedimentary deposition over geological timescales. A number of
independent models have shown that autocycles can form from var-
ious interacting processes (Demicco, 1998; Burgess and Wright, 2003;
Burgess and Emery, 2004; Burgess, 2006), even without recourse to
random processes (Hill et al., 2009).

Ultimately, the rock record is incomplete (Sadler, 1981). Statistical
and spectral analysis of peritidal carbonate field data potentially re-
lies on questionable assumptions. The primary driving mechanisms
is not known a priori and hence the sensitivity of various statistical
tests to differentiate between stochastic processes or Milankovitch forc-
ing is notwell understood.Moreover, the preservation rate of sediments
has an influence on which signals can be inferred or observed from the
rock record, even in principle (Wheatcroft, 1990). The incompleteness
of the rock record is given as the primary reason behind so-called
“missed-beats” (Goldhammer et al., 1987). However, this then raises
the question of how much of the sediment must be preserved in
order for the analyses to detect correctly any influencing forcing sig-
nal with statistical significance. Without prior knowledge about the
forcing signals, this question is impossible to answer from the rock
record alone.

One method to study the interaction of forcing signal, non-linear
internal processes, and cycle preservation in the geological record is
numerical forward modelling. Such simulations can include a complete
analysis of production, deposition, erosion and transport, and the relative
influence of each process can be assessed. Several computermodels have
confirmed that realistic carbonate sedimentary sequences can be gener-
ated by various combinations of non-linear interacting processes that are
capable of producing autocycles (Demicco, 1998; Burgess, 2001; Burgess
and Wright, 2003; Hill et al., 2009). Moreover, forward models can pro-
duce patterns similar to those observed in the rock record under the in-
fluence of allocyclic sea-level forcings (Demicco, 1998; Burgess, 2006).
Computer models have been used to explore the interaction of eustatic
sea-level variation and autocyclic mechanisms (Burgess, 2006; Dexter
et al., 2009; Burgess and Pollitt, 2012). However, all models are limited
in terms of the type and number of processes that are included, so it is
necessary to repeat such studies with several independent models.

Here it is shown how a numerical forward peritidal process model,
Carbonate GPM (Hill et al., 2009), can generate metre-scale shallowing-
upwards carbonate autocycles using purely physico-chemical controls.
These form solely due to the interaction of the sedimentary processes
with no additional randomness being imposed. This model is then used
to test the effects of superimposed eustatic sea-level changes on the gen-
erated cyclicity.

The modelled stratigraphy generated by Carbonate GPM can be
used to produce power spectra from three different data series: true
water depth, preserved water depth, and cycle thickness changes.
The last corresponds to data derived from field studies, and the pre-
served water depth history represents the “best case” scenario in
which it is assumed the water depth can be derived accurately from
the preserved sediments. The true water depth provides a complete
record of both external and internal forcings and would be identical to
the preserved water depth in the case of a geological stratigraphy that
is temporally complete. It is shown that the power spectra derived
from preserved water depth history and cycle thickness changes do
not match those derived from true water depth changes under a range
of different forcing frequencies and amplitudes. The large range of appar-
ent frequencies observed leads us to infer that, given our understanding
of carbonate deposition and preservation, any direct statistical analysis
of apparent cycle timings is at best questionable.

2. Methods

In order to obtain data to assess the relative influence of preserva-
tion and forcings on signals derived from shallowwater carbonate cy-
cles the finite-difference, numerical forward model, Carbonate GPM
(Hill et al., 2009) was used. Multiple simulations were carried out
driven by sea-level changes varying at single or multiple periods of
oscillation, and across a range of amplitudes. From each of these simula-
tions diagnostic quantities were derived at each location in the model
from which a spectral analysis could be performed to determine which
signals were preserved in the simulated rock record. Coupling these
diagnostic quantitieswith knowledge of the percentage of rock preserva-
tion in the record, the effect of preservation and erosion of sediment on
data observable in the field can be determined.

2.1. Carbonate GPM

Carbonate GPM (Hill et al., 2009) is a 3D numerical forward pro-
cess model simulating geological processes forward in time, and is
derived from the model GPM (Tetzlaff and Priddy, 2001). As such it
inherits all processes of erosion, deposition, wave action, compaction,
fault activity, fluctuating sea-level, siliciclastic sediment sources, and
flow regimes from thatmodel. Carbonate sediments have beenmodelled
by incorporating in-situ carbonate production with growth rates based
on environmental parameters at each location in the model. No random
processes occur—the model is fully deterministic. The model simulates
two carbonate types, reef and non-reef. Reef material is relatively more
resistant to erosion than non-reef. The model starts from a given ante-
cedent topography (Fig. 2a) and records the amount of sediment depos-
ited at each location at each of a series of short timesteps. Every 2500 yr a
surface is drawn at the top of the sediment at that point in time, thereby
recording the sedimentary stratigraphy (Fig. 2b).

Carbonate GPM is unique in that it modifies carbonate production
rates based on carbonate supersaturation via a proxy of residence
time ofwater in the lagoon area (Demicco andHardie, 2002). In addition,
light attenuation andwave energy also affect carbonate growth rates. The
model uses the same schema as several other forwardmodels by defining
a maximum carbonate production rate and reducing this according to
local environmental factors (e.g. Bosscher and Schlager, 1992; Burgess,
2001; Warrlich et al., 2002). For both reef and non-reef sediments c,



Fig. 2. Initial topography (A) and example output (B) from Carbonate GPM. In the
example output green denotes non-reef sediment, red denotes reef sediment. The
blue grid shows current sea-level. Time lines (in black) are drawn every 2500 yr to
show simulated stratigraphy.
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Fig. 3. Stress functions used to control local carbonate precipitation rates. A) SL: depth-
dependent function. B) SΩ: residence time dependent function. C) SW:wave power depen-
dent function. See main text for details.
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and at each point in time t, and surface position x, production P [m/yr] is
calculated using:

P x
¯
; c; t

� �
¼ SL L; c; tð Þ⋅SΩ Ω; c; tð Þ⋅SW W; c; tð Þ⋅Pm cð Þ ð1Þ

where the various terms labelled S are so-called stress functions (taking
values between 0 and 1) that define the production efficiency decrease
caused by various controlling environmental factors relative to the
maximum production rate for each type of carbonate, Pm(c) [m/yr].
Controlling factors on which the stress functions depend are water
depth as this controls light availability (L), carbonate supersaturation
(Ω) and wave energy (W), through the individual stress functions, SL,
SΩ and SW respectively.

The form of the individual stress functions (Fig. 3) controls the
rate of carbonate precipitation as a function of environmental condi-
tions. For example, reef-type sedimentary deposition is highest where
wave energy is greatest, whereas non-reef-type sediments are depos-
ited in less energetic water. SL imposes an exponential increase of
production rate with decreasing water depth (Fig. 3a) but with an
additional linear decrease in the top one metre of water which repre-
sents the near-surface influence of tidal variations. SΩ is derived from a
proxy for carbonate supersaturation in lagoonal waters, namely water
residence time (Ω) (Fig. 3b). The residence time for a parcel of water is
a measure of how long that parcel has been isolated from open marine
water; longer isolation leads to fewer carbonate ions contained in that
parcel due to previous carbonate precipitation along the parcel's path.
The form of this stress function is based on the results of Demicco and
Hardie (2002) where the residence time and local supersaturation of
waterweremeasured across the BahamaBanks to define their functional
relationship. In Carbonate GPM the residence time of every “parcel” of
water is tracked from the point at which it enters the lagoon from the
open ocean and from this spatially varying, local supersaturation can
be inferred across the lagoon. The inclusion of residence time as a control
on carbonate production gives an implicit lag time between sediment
deposition ceasing due to high residence time or exposure and sedimen-
tation recommencing. The sediment deposition cannot recommence until
residence time in the area is below the threshold shown in Fig. 3b. Finally,
SW is the stress function based on wave power dissipation (W) (Fig. 3c).
Carbonate GPM can model any number of wave sources, each with a de-
fined wave period, amplitude and position. Here, a line source is used
across the openmarine boundary which produces waves that travel per-
pendicular to the shoreline. The wave energy is dissipated as the waves
break in shallowwater. The shape of the curve in Fig. 3c is based onmea-
surements of growth rates andwave energy frommodern reef sediments.
Full details of the derivation of the stress functions and the algorithms in-
corporated into Carbonate GPM are given in Hill et al. (2009).
2.2. Experiments and diagnostics

Each simulation of the model commences from a simple platform
antecedent shelf-edge topography (Fig. 2a). The platform is square in
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Table 2
Forcing frequencies and amplitudes for all simulations carried out here.

Simulation Period Amplitude

1 – –

2 15 kyr 1 m
3 25 kyr 0.25 m
4 25 kyr 1 m
5 100 kyr 10 m
6 25 kyr and 100 kyr 1 m and 10 m
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plan view, of size 50×50 km, represented by a square grid of 35 cells
on each side. The initial basin floor is 70 m below the platform and a
smooth slope connects the basin floor to the top of the platform. Various
model parameters used are given in Table 1. The baseline simulation
(simulation 1) has no periodic signal enforced, but a constant subsi-
dence rate of 100.0 m/Myr creates accommodation space. In subsequent
simulations five different sinusoidal, eustatic sea-level changes are im-
posed upon the initial simulation. The oscillations of these sea-level
changes fall into the expected frequency and amplitude ranges of
so-called fifth and fourth-order cycles. This study therefore limits itself
to examining processes within the range of eustatic variations thought
to be indicative of Milankovitch forcing (Goldhammer et al., 1993).
This results in six model simulations in total (Table 2) from which the
results below were inferred.

From each simulation three diagnostic variables are calculated at
each cell location in the area between the reef and shoreline. This
gives a total of 630 vertical sections from each simulation. The diag-
nostics calculated and used in subsequent analyses are: the true
water depth history, preserved water depth history, and the cycle
thicknesses. The true water depth is constructed by sampling the sim-
ulated water depth at each location every 2500 yr of simulated time.
As such, this is actually the water depth experienced at that geo-
graphical location, irrespective of how much sediment is preserved,
and is therefore a record of the true relative sea-level curve at each lo-
cation. This diagnostic is equivalent to a rock sequence that has 100%
preservation from which accurate water depths and ages can be deter-
mined. The preservedwater depth diagnostic is calculated from the true
water depth curve from each point by removing those sections that are
not preserved in the final stratigraphy due to erosion or non-deposition.
Missing data are then interpolated using a cubic spline to provide a time
series of the same length as the true water depth curve. This diagnostic
is equivalent to a rock section fromwhich accurate water depths can be
determined from preserved parts of the geological record and where
missing parts of the section can be detected and the time interval of
the resulting unconformity can be determined. The final diagnostic is
the cycle thickness variation through time. In order to define each
cycle the timing of hiatus events was recorded for each location. The
amount of sediment deposited between two hiatus events is defined
to constitute one cycle, assuming a shallowing of water depth towards
the top of the cycle. This diagnostic is the closest possiblemodelled repre-
sentation of real stratigraphic cycle data obtainable from the rock record
that is afforded by Carbonate GPM. Assuming a constant subsidence rate
of 100 m/Myr through time, the cycle thickness data can be converted
to temporal range of each cycle. Note that this conversion is more
accurate than that obtained from field data, which can have error
margins of over 50% in assumed temporal ranges (e.g. Hinnov and
Goldhammer, 1991) as in practise the average subsidence rate must
itself be estimated.
Table 1
Summary of model parameters used in all simulations described here.

Parameter Value

Display time 2500 yr
Diffusion coefficient 1000 m2/yr (varying with depth)
Transport coefficient 10 s/m
Timestep 1 yr
Reef sediment grain size 15 mm
Non-reef sediment grain size 0.25 mm
Maximum reef production rate 3 mm/yr
Maximum non-reef production rate 2 mm/yr
Wave source amplitude 0.25 m
Wave source period 3.2 s
Wave direction Perpendicular to shore
Cell dimensions 1470.6×1470.6 m
Model size 50×50 km (35×35 cells)
The three diagnostic variables are used to assess whether any
external forcing signal might be detected. Amaximum entropy spectral
analysis (MESA) was performed for each diagnostic variable over all
630 vertical sections in the shore-to-reef area. MESA assumes that the
time series conforms to an autoregressivemodel of order, p, i.e. the cur-
rent value is a linear combination of the last p previous values, along
with uncorrelated noise. The Fourier transform of the time series is
used as the basis of the maximum entropy spectral estimator and
then there are various formulations of the predictor-error filter. More
details can be found in Kay and Marple (1981). MESA has been shown
to perform better on field studies than more traditional spectral tech-
niques (Hinnov and Goldhammer, 1991). The program MAXENPER
(Pardo-Igzquiza and Rodriguez-Tovar, 2005) was used to carry out
MESA analysis. In order to assess the significance of peaks found in
the power spectra, a permutation test as described in Pardo-Igzquiza
and Rodriguez-Tovar (2005) was carried out, which allows the signifi-
cance of the spectral peaks detected to be calculated. This test creates
random permutations of the data, assuming a white or red noise model,
and from these permutations maximum entropy power spectra are gen-
erated. A total of 10,000 permutations were used for each location, along
with a white noise model in this study.

One final diagnostic variable was calculated for each cell location—
the percentage of sediment preserved. Thiswas calculated using the ratio
of the lengths of the true and preserved water depth sections, prior to
interpolation of the preserved water depth data.

3. Results

3.1. Stratigraphic geometry

All stratigraphies show numerous hiatus events, indicated by
bunching and bifurcation of timelines (Fig. 4). Bunching of timelines
occurs when little net sediment is deposited in a locality causing the
timelines to become spaced closer together. When the net deposition
rate is zero (a hiatus), the timelines are exactly drawn on top of each
other. Bifurcation of timelines occurs when deposition halts in one lo-
cality, but is continuing in neighbouring localities; this causes the time-
line to split or join as it is tracked along a cross section. These changes in
depositional rate throughout a simulation can be interpreted as cycles
just as they are in field data: sedimentation will commence until the
depth is too shallow or residence time is too high for carbonate produc-
tion, after which a hiatus event occurs. Each hiatus event is particular to
the environment at the time, so they vary in spatial and temporal ex-
tent. Following the hiatus a new shallowing upward cycle is formed:
subsidence increases water depth until such time that sufficient water
depth has been attained for production to re-commence (assuming all
other controlling parameters are conducive to carbonate production).
In the stratigraphic output this is indicated by the bunching of timelines
as sedimentation rate slows in the uppermost part of the cycle, followed
by several timelines occurring at the same stratigraphic level, indicating a
hiatus in deposition. These timelines record themigration of depocentres
around the lagoon, which is a large inter- and sub-tidal area, effectively
modelling the migration of tidal islands in peritidal settings.

The stratigraphy produced by low amplitude fifth-order sea-level
oscillations (Fig. 4, simulations 2–4) shows many similarities with



Fig. 4. Lateral cross-shore sections fromall simulations. Cross sections are taken parallel to
the reef, at the initial shoreline. Timelines (black lines) are drawn every 2500 yr. Where
these bunch together little or no sediment is deposited. Black triangle (side of simulations
5 and 6) indicates clearly identified 100 kyr cycles (simulations 5 and 6 only). White
triangles indicate high-frequency cycles. Note that these are not laterally continuous, so
the symbols are placed where the cycle can be identified clearly. Only a small proportion
of the many identifiable cycles are marked for illustration. Black bars for scale are 1.5 km
in the horizontal direction and 2 m in the vertical direction for all sections.
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the baseline simulation (Fig. 4, simulation 1). Hiatal events are not
laterally continuous across the cross section and cycles vary between
the individual vertical sections. There is little indication of a clear
stacking patternwhere several short cycles can be grouped into longer
cycles. By contrast, higher amplitude, high-frequency oscillations of
sea-level change, in conjunction with lower frequency changes result
in more laterally extensive hiatal horizons across the platform, where
several timelines occur at the same location in the stratigraphy (Fig. 4,
simulations 5 and 6). Timelines run uninterrupted for up to 25 km be-
fore being cross-cut by later timelines ormergingwith earlier timelines.
These features are caused by extensive exposure of the carbonate plat-
form during lowstands. This is particularly clear in the back reef region,
shown in Fig. 4, where clear cycles can be seen that visually correspond
to the eustatic signal. These spatially extensive cycles can be interpreted
as the 4th-order stratigraphic cycles seen in the rock record. Within
these extensive cycles, several temporally and spatially less extensive
sub-cycles can be found, much like the hierarchical stacking patterns
seen in the rock record (e.g. Goldhammer et al., 1990; Satterley, 1996).
3.2. Cycle thickness distribution

Since all six simulations produced identifiable cycles, it is possible to
determine whether the statistical techniques used in previous studies
are sufficiently sensitive to distinguish between data that are purely
autocyclic (simulation 1), a mixture of autocyclic and weakly forced
(low amplitude) allocyclic cycles (simulations 2–4), and those that are
a mixture of autocyclic and strongly forced (high amplitude) allocyclic
cycles (simulations 5 and 6).
Fig. 5 shows cycle thickness distributions from each simulation.
Drummond and Wilkinson (1993, 1996) proposed that the thickness
distributions followed an exponential distribution, given by:

F ¼ NB P e−PT ð2Þ

where F is the frequency at a particular unit size, P=N/L, B is the bin
size (here, 0.1 m, where a bin is a range of numerical value into which
data are sorted), L is the total vertical length of the succession, and N is
the number of cycles present. This theoretical distribution is shown in
all cases as a straight line in Fig. 5.

The data from all simulations showed a correlation coefficient of 0.89
or greater when correlated against the theoretical distribution (Eq. (2)),
and moreover, none showed a statistically significant (at the 99% confi-
dence level) different from the theoretical distribution (Eq. (2)) using a
Kolmogorov–Smirnov (K–S) test, which makes no assumptions about
the distribution of the data (Burgess, 2008; Burgess and Pollitt, 2012).
Dexter et al. (2009) showed that bin size has a significant effect on the
correlation coefficient. Thus in order to check the robustness of this re-
sult, bin sizes ranging from 0.1 to 0.5 mwere tested. There is an increase
in correlation coefficientswith increasing bin size, but unlike in the study
of Dexter et al. (2009), all simulations here show correlation coefficients
greater than 0.89 (Table 3). In addition, there appears to be no relation-
ship with preservation percentage, with simulations that preserve only
43% of the total sediment deposited still showing very high correlation
coefficients and being statistically indistinguishable from the theoretical
distribution, regardless of bin size (Table 3). It is concluded that either
the simulated thicknesses show an exponential distribution or that
the K–S test is not sufficiently sensitive to detect deviations from that
distribution.

3.3. Power spectra

Power spectra were generated from three different time series: true
water depth curves, preserved water depth curves, and cycle thick-
nesses (Fig. 6). Each of these power spectra were generated for each
cell in the model output within the shallow water area (630 cells).
Using MENXPR, only statistically significant peaks were analysed. The
spectra generated were converted from a “per unit” frequency scale to
a time-based frequency, using the average cycle thickness and the ex-
actly known subsidence rate. The significance of each peak is assessed
using the method described above and is detailed in Pardo-Igzquiza
and Rodriguez-Tovar (2005). All six simulations showed a range of fre-
quencies at which statistically significant peaks occurred.

Figs. 6 and 7 show examples of the three types of spectra generated
for each simulation taken from a point at the centre of the lagoonal area.
Statistically significant spectral peaks (grey bands in Figs. 6 and 7) occur
in all spectra, across all simulations. Generally, a larger number of signif-
icant peaks occur in spectra based onwater depths, both preserved and
true, than in those generated from cycle thickness histories. Where ex-
ternal eustatic forcing is present, it can be detected by the spectral anal-
ysis in themajority of cases; however, the correct peak is often amongst
a number of other, equally strong, peaks.

The forcing signal is not always detected in the preserved water
depth spectra, and is almost never detected accurately in the cycle
thickness spectra, the nearest equivalent to typicalfielddata. For example,
the baseline simulation (simulation 1), which has no external forcing sig-
nal imposed, shows asmany significant spectral peaks as the other simu-
lations. It is concluded that without some form of prior knowledge about
forcing imposed, itwould be impossible to pick out the spectral peaks that
correspond to a true forcing signal, even given a perfect temporal succes-
sion of water depth. This is therefore a fundamental constraint on what
can be inferred from field data, and it can not be improved by better
quality (more accurate) data.

In an attempt to understand the overall pattern of frequency detec-
tion, thenumber of occurrences of significant spectral peakswas counted



Fig. 5. Cycle thickness distributions from all six simulations. All are statistically indistinguishable from exponential distributions (straight lines) using identical tests to Drummond
and Wilkinson (1996) and Burgess (2008).
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for each simulation and for each diagnostic time series (Fig. 8). Generally,
the spectra derived from the preserved water depth curves have higher
counts of significant peaks (the dotted line is usually above the solid
line in Fig. 8), especially at lower frequencies. Only simulation 6 did not
show this trend. For simulations 2–6, in which a eustatic sea-level varia-
tionwas imposed, the forcing frequency was recorded at a large number
of locations. However, again it is seen that statistically significant spectral
peaks are also recorded at a many frequencies other than the forcing
frequency. This is interpreted to be due to autocyclic processes. In simu-
lation 3 it is difficult to determine which of the frequently occurring
spectral peaks is the imposed forcing signal because of the number of sig-
nificant spectral peaks. This difficulty is attributed to the swamping of
the eustatic signal by autocyclic processes. Compared to simulation 3,
simulations 2 and 4 both showed a large increase in locations, where
a significant spectral peak was detected at the forcing frequency, but
with some leakage into neighbouring frequencies.



Table 3
Correlation coefficients of simulated cycle thickness distributions and theoretical distribution based on a Poisson process of cycle formation along with maximum, minimum and
average preservation percentages.

Simulation Bin size (m) Pres. %

0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 Max Min Av.

1 0.981 0.981 0.982 0.984 0.985 0.988 0.991 0.995 0.97 0.48 0.73
2 0.923 0.924 0.927 0.931 0.935 0.944 0.956 0.966 0.68 0.49 0.58
3 0.987 0.988 0.988 0.990 0.993 0.995 0.997 0.998 0.96 0.50 0.71
4 0.985 0.987 0.989 0.989 0.989 0.990 0.991 0.991 0.70 0.49 0.59
5 0.897 0.899 0.900 0.903 0.907 0.909 0.911 0.914 0.63 0.37 0.45
6 0.943 0.945 0.949 0.952 0.956 0.959 0.961 0.964 0.63 0.32 0.43
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When including lower frequency forcing, both simulations 5 and 6
showed an increase in significant peaks around the forcing frequency,
and harmonics thereof, for the true water depth curves. Harmonics
are also present in simulations 2 and 4, though to a lesser extent.
The harmonics are likely caused by the interaction of the two forcing
frequencies (simulation 6) or the interaction of the forcing signal with
Fig. 6. Example power spectra from simulations 1 to 3 for all three data types. Significant p
white noise model to determine significant peaks from 10,000 realisations. Black triangles
incomplete sections. Both simulations 5 and 6 show a marked increase
in the significant spectral count in both the preserved water depth and
true water depth spectra at the forcing frequency. However, simulation
6 only shows a minor increase in the number of locations recording a
significant spectral peak at the higher frequency but only in the spectra
derived from true water depths.
eaks are highlighted by grey shading. Dotted line shows the average spectrum using a
on the upper axes indicate the forcing signal imposed, if any.



Fig. 7. Example power spectra from simulation 4 to 6 for all three data types. Significant peaks are highlighted by grey shading. Dotted line shows the average spectrum using a
white noise model to determine significant peaks from 10,000 realisations. Black triangles on the upper axes indicate the forcing signal imposed, if any.
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For all simulations the number of significant peaks found in the
cycle thickness power spectra is significantly lower than that found
using the other two diagnostic variables (Fig. 8). No simulation shows
an increase in the number of locations at which significant peaks at
the imposed forcing frequencies are found. However, multiple locations
showed cycles at Milankovitch-scale frequencies, even in the baseline
simulation where no forcing was used. Overall the cycle thickness
spectra provided relatively poor data compared to the other two
spectra; however, taken in isolation they would still constitute appar-
ent evidence for Milankovitch-style forcing as most significant spectral
peaks occur within the Milankovitch forcing frequency band.

Examining the different type of spectra together shows interaction
of autocyclic and external forcing signals well. For example the base-
line simulation (no forcing) showedmultiple cells with spectral peaks
at around 187 kyr and 107 kyr (0.00534 and 0.00934 1/kyr respec-
tively), along with less common peaks between 20 (0.05 1/kyr) and
30 kyr (0.033 1/kyr) (Fig. 8). These are all within the Milankovitch
forcing frequencies, yet no forcing was applied to this simulation.
Simulation 2 shows a clear spectral peak at 15 kyr (0.0667 1/kyr)
as expected in most locations, with some leakage into nearby
frequencies. There are also significant peaks in a number of locations
at around 150 kyr (0.00667 1/kyr), similar to the baseline simulation.
Simulation 3 resembles the baseline most closely, but with a small in-
crease in the number of peaks around 25 kyr (0.04 1/kyr), in around a
sixth of all possible locations (around 105 of 630 cells). The dominant
frequency seen in simulation 4 is 25 kyr (0.04 1/kyr) as expected
(Fig. 8). Again, there are multiple locations that show peaks around
150 kyr (0.00667 1/kyr). Simulations 5 and 6 are very similar with both
showing clear peaks at 100 kyr (0.01 1/kyr) as expected in the majority
of locations. Simulation 6 did not have many locations that showed a
peak at 25 kyr—the second forcing frequency, indicating that the lower
amplitude, higher frequency signal is somewhat masked by the high am-
plitude, low frequency signal.

Of course a key question is how well spectral peaks from preserved
data correspond to the spectral peaks from true water history. For each
simulation, the number of locationswhere the preserved and cycle thick-
ness spectra contained the same significant spectral peak as the spectrum
generated from the true water depth curve was calculated and plotted as
“Matches” in Fig. 9. In addition, the number of locations where a signifi-
cant spectral peak in the preserved or cycle thickness spectra did not



Fig. 8. Counts over all locations of significant spectral peaks occurring across all frequency bands. Black triangles indicate the forcing signal imposed. Plot titles give simulation name
and the period and amplitude of the forcing signal.
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match a significant peak in the true water depth spectra was also
recorded (“Non-matches” in Fig. 9). Across all frequencies the number
of non-matching peaks is generally higher than the number of locations
withmatching peaks for the preservedwater depth spectra. For simula-
tions 2, 4 and 5 there is a significant increase in the number of matches
and a decrease in the number of non-matches at the forcing frequency—
implying that the preserved water depth spectra are capable of detecting
the forcing frequency. Simulation 6 shows that the 100 kyr signal was
detected, but the 25 kyr signal was not. However, the true water depth
spectra did not detect this signal well either. The number of matches
between the true water depth spectra and cycle thickness spectra is
very low, with no consistent pattern across frequencies. This is likely to
be due to the lack of significant peaks in the cycle thickness spectra com-
pared to the other two spectra.

Table 4 shows the number of matches and non-matches for all
simulations. For all simulations, the spectra derived from cycle thick-
nesses showed far fewer matches than those from the preserved water
depth curves. For simulations 5 and 6, where high amplitude forcing
was present, the number of matching peaks was extremely low. How-
ever, all simulations bar simulation 6 showed more spectral peaks in



Fig. 9. Matches (solid) and non-matches (dotted) (see text for definitions) over all locations of significant spectral peaks across all frequency bands. Black triangles indicate the
forcing signal imposed.
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the preserved sections that did not occur in the true water depth sec-
tions. The same is true for spectra derived from cycle thicknesses: a
higher number of significant peaks in the cycle spectra did not match
equivalent peaks in the true water depth spectra than did match.

In addition to examining the frequencies at which significant peaks
occurred, whether spectra derived from the three different data sources
were statistically different was also examined. Using the Kolmogorov–
Smirnov (K–S) test, whichmakes no assumptions about the distribution
of the data, for each location, the p-value from the K–S test between the
spectrum derived from the true water depth curve and the preserved
water depth curve, and between the true water depth curve and the
cycle thickness data, was calculated and plotted against sediment
preservation percentage (Figs. 10 and 11). The underlying assump-
tion here is that the truewater depth spectra represent the correct signal,
whereas the spectra from preserved water depth and cycles might be
extracted from the rock record. A high similarity (i.e. the null hypothesis
that the two records are from the same distribution cannot be rejected)
will occur between the true water depth spectra and one of the other
two types of spectra where the peaksmatch. Correspondingly, a low sim-
ilarity (rejection of the null hypothesis) will occur where the peaks are



Table 4
Number of significant spectral peaks from the preserved water depth spectra and cycle
thickness spectra that match the peaks in true water depth spectra (second and third
column). Columns four and five show the number of significant peaks that did not
match the forcing frequency imposed on the simulation. The last three columns show
the total number of significant spectral peaks for each data source.

No. matches No. non-matches Total sig. peaks

Simulation True:Pres. True:Cycles True:Pres. True:Cycles True Pres. Cycles

1 1748 53 2787 953 3280 4535 1006
2 1774 38 4470 1648 3841 6244 1686
3 1573 41 3642 1103 3450 5215 1144
4 1813 13 4273 1651 3605 6086 1664
5 2029 0 2571 603 3034 4600 603
6 5009 4 806 465 5597 5818 469
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significantly different. Plotting the p-value against the preservation per-
centage will therefore reveal if the preservation percentage of sediment
has any bearing on howwell the two geological spectra preserve the sig-
nal of water depth changes. That is, it will detect whether the similarity of
the power spectra is high where sediment preservation percentage is
higher. A cut off at the 95% confidence level of the rejection of the null hy-
pothesis of the two spectra being drawn from the same distribution is
shown in Figs. 10 and 11 and the number of locations above and below
this cut-off is detailed in Table 5.

The comparison between true water depth generated spectra and
preserved water depth generated spectra shows a number of notable
features (Fig. 10). First, when autocyclic processes dominate (simulations
1 and 3), the p-value varies from near zero to unity, but with a wide
spread across the preservation percentage, with perhaps a slight trend
of lower preservation percentage giving more confidence that the true
andpreserved spectra are equivalent. In contrast, simulationswith an im-
posed sea-level forcing amplitude of a metre or more show a distinct
banding within which the preservation percentage is constrained.
This is to be expected as eustatic sea-level variations will naturally
constrain the upper level of the preservation percentage. Simulations
2 and 4 (whichwere forcedwith a 1 m amplitudewith 15 or 25 kyr pe-
riod) show very few points where the null hypothesis can be rejected
(Table 5). Simulation 5 shows more locations that have spectra that
are significantly different than simulation 6; simulation 6 has fewer
than one third of locations where the two spectra are not significantly
different. The likely cause of this difference is the interaction of two
forcing frequencies.

When carrying out the same analysis using the spectra derived from
cycle thicknesses, all but simulation 6 show far fewer locations where
the null hypothesis cannot be rejected (Fig. 11 and Table 5). Again, sim-
ulations 1 and 3 show slight trends where lower preservation percent-
age means a lower p-value. From Fig. 11 and Table 5 it is inferred that it
is not the proportion of sediment preserved that is the controlling factor
onwhether a signal is preserved as otherwisewould be expected a clear
linear trend of increasing signal detection (correlation coefficient) with
increasing preservation percentage in most cases.

4. Discussion

All six simulations presented here produce cycle thickness distribu-
tions that are statistically indistinguishable from a stochastic Poisson pro-
cess. This is despite there being no randomprocess included in Carbonate
GPM, and despite five of the six simulations being forced by awide range
of eustatic sea-level variations.

Using a variety of statistical techniques, both allocyclic and autocyclic
signals could be detected. However, differentiating between the two is
not trivial. To obtain sufficient confidence in the analysis a large number
of cycles are required. Here,multiple vertical sections are includedwithin
a single analysis to ensure sufficient data availability, but in doing so
along-shore variability is included in the analysis. Like Carbonate GPM,
the model of Dexter et al. (2009) contained no random processes, but it
was only two-dimensional and therefore could not include along-shore
variability. Those authors attribute the exponential distribution of cycles
to the complexity of the forcing signal that they imposed via eustatic
sea level variations. By contrast, very simple (single or dual frequency)
forcing is used here and exponential distributions of cycle thicknesses
across the platform are still observed. We therefore conclude that
along-shore variations in deposition rates are responsible for the overall
exponential distribution.

The spectral analysis showed three main results: first if high quality
data are available, such as those used to derive preserved water depth,
then it is certainly possible to detect the forcing (allocyclic) signal, re-
gardless of preservation percentage. Also, given a sufficient number of
data, it is detectable above the autocyclic “noise.” However, this result
is dependent on the allocyclic frequency and amplitude. Second, in gen-
eral, spectra derived from cycle thicknesses do not record the forcing
frequencies.With these data alone and noprior knowledge of the exter-
nal forcing signal it would be impossible to distinguish between auto-
and allo-cyclic signals, especially considering that multiple autocyclic
peaks occurred within the Milankovitch frequency band. Third, by in-
creasing the period of the forcing frequency, the forcing signal is harder
to detect using cycle thicknesses andmoreover thismakes lower ampli-
tude signals more difficult to detect.

Unlike previous numerical forward models to study the distribu-
tion of cycle thicknesses (Dexter et al., 2009), Carbonate GPM is also
capable of simulating autocycles without any randomness in the un-
derlying processes as seen in the baseline simulation. Autocycles are
manifest in a number of ways, including the introduction of spectral
peaks at a wide range of frequencies which fall within theMilankovitch
forcing frequencies expected from field studies. Hence, like previous
models (Burgess, 2001, 2006) that can simulate autocycles, Carbonate
GPM produces carbonate successions that contain Milankovitch-style
signals, evenwhere nonewere introduced, andmoreover, the simulated
stratigraphy may record any imposed forcing signals alongside the
autocyclic signal. Without some prior knowledge of external forcing
signals it would be impossible to distinguish between them. This result
holds regardless of the data used to generate the power spectra, even if
high quality data, such as accurately timed water depths, are available.

Carbonate GPM is a complex simulator, but it still lacksmany process-
es such as tides, that will undoubtedly cause the results to differ from ob-
served stratigraphies in the field. However, it is not currently feasible to
include such processes when modelling geological timescales. This is a
weakness in all numerical forward models to date. Nevertheless, our re-
sults and conclusions below are only likely to be reinforced if these pro-
cesses were to be included, as they would be likely to add even more
complexity to the stratigraphy,making recognition of eustatic forcing fre-
quencies even more difficult.

CarbonateGPM is unique in that it is the only carbonatemodel that in-
cludes a proxy for calcium carbonate supersaturation. The lack ofmultiple
facies within the shallow water areas makes cycle detection somewhat
difficult in Carbonate GPM. A simple definition of a shallowing upwards
cycle is used here, which may have some effect on the results presented
here. However, our definition is similar to that of several other forward
models from which sensible conclusions have been reached (Burgess
and Emery, 2004; Burgess, 2008; Dexter et al., 2009), increasing confi-
dence in the results.

5. Conclusions

CarbonateGPM is a numerical stratigraphic forwardmodel capable of
simulating realistic shallow-water carbonates (Hill et al., 2009). The sim-
ulations carried out here show a Poisson distribution as seen in many
field studies (Wilkinson et al., 1998). This is true even with high ampli-
tude eustatic forcing, and despite there being no random processes
included in themodel. From the model runs three time series can be de-
rived from which the effect of preservation rates of the sediment can be
assessed.



Fig. 10. P-value from a two-sample K–S test calculated from the true water depth spectra and the preserved water depth spectra, plotted against preservation percentage for each
cell in the simulations (630 points). Horizontal grey band shows the 95% confidence interval that the two spectra are from the same distribution, such that points within this band
are considered to have indistinguishable spectra. Numbers on the left-hand side above and within the grey band are the number of locations that show significant differences and
those that do not, respectively.
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Periodicity of eustatic variation is detectable in principle using an
idealised reconstructed geological record, even with hiatal and ero-
sional events. However, the signal is not reliably detectable using
cycle thicknesses derived time series alone, which is often the only
data measurable in the field. Autocyclic processes introduce “false”
signals that are indistinguishable from the eustatic forcing frequen-
cies without prior knowledge. The frequency and amplitude of the
forcing signal affect whether the forcing signal is detectable in the
preserved stratigraphy. Low amplitude signals are masked by
autocyclic signals and low frequency signals are simply not preserved
in the cycle thickness record. Moreover, lower frequency signals mask
higher frequency signals.

Finally, preservation percentage appears to have little significant
effect on thefidelity of the signal preserved. Although the higher quality



Fig. 11. P-value from a two-sample K–S test calculated from the true water depth spectra and the cycle thickness spectra, plotted against preservation percentage for each cell in the
simulations (630 points). Horizontal grey band shows the 95% confidence interval that the two spectra are from the same distribution, such that points within this band are con-
sidered to have indistinguishable spectra. Numbers on the left-hand side above and within the grey band are the number of locations that show significant differences and those
that do not, respectively.
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preserved water depth derived spectra perform better than the cycle
thickness derived spectra, the cycle thickness derived spectra still produce
statistically significantmatches to the truewater depth derived spectra in
26–71% of vertical sections. Neither the preserved water depth derived
spectra or the cycle thickness derived spectra show a significant trend
between preservation rate and goodness of fit to the truewater depth de-
rived spectra. Vertical sections with preservation as low as 40% can still
reliably detect both auto- and allo-cyclic forcing signals whilst sections
with preservation as high as 90%may not preserve the signals accurately.
The reverse of this is also true in other sections. It is therefore concluded
that distinguishing allocyclic and autocyclic forcing from shallow
marine carbonate geological sections is likely to be extremely difficult
except in cases of extraordinary sedimentary preservation and dating
accuracy.



Table 5
Number of locations where the null hypothesis of the power spectra generated from
two data types are from the same distribution cannot be rejected with 95% confidence,
from a total of 630 locations.

Significant locations from K–S test

Simulation True:Pres. True:Cycles

1 431 (68.41%) 312 (49.52%)
2 594 (94.29%) 477 (75.71%)
3 449 (71.27%) 303 (48.10%)
4 573 (90.95%) 450 (71.43%)
5 509 (80.79%) 168 (26.67%)
6 196 (31.11%) 445 (70.63%)
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