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Abstract

Several studies report observations of orbital cyclicity in seismic reflection data as distinct power
spectral peaks that align with Milankovi¢ periodicities. It remains unclear, however, if hypothesis
testing for orbital forcing using seismic data can be performed with statistical power comparable to
directly sampled data, such as outcrop, drill core or borehole logs. In this study we aim to quantify
this using Monte Carlo ensemble modelling to compare seismic and borehole log
cyclostratigraphy. We develop a method for spectral background estimation that accounts for
some of the amplitude and frequency effects inherent to seismic data. We then forward model the
seismic response of an ensemble of models where the acoustic impedance approximates red noise,
with and without an injected orbital signal from an astronomical solution. We demonstrate two

examples: i) a simplified model with constant background velocity, constant sedimentation rate
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and a parametric seismic source wavelet, and ii) a real-world example based on ODP Site 1084
(Cape Basin). We observe that the sensitivity and specificity for the seismic case are strongly
frequency-dependent, compared to the largely frequency-independent results for the borehole log
cyclostratigraphy. For the real-world data example, we observe a spectral peak corresponding to
95 kyr eccentricity cyclicity with an uncalibrated confidence level of >95%. Our Monte Carlo
ensemble modelling, however, shows that the false positive rate at this frequency and confidence
level is around 25%, compared to around 5% for the equivalent borehole log cyclostratigraphy.
We also demonstrate short-period eccentricity modulation and bundling analysis applied to the
seismic data, which is able to successfully invert for the model sedimentation rate for the
simplified synthetic example. These results suggest that reliably identifying Milankovi¢ cycles
from seismic reflection data is strongly dependent on the site geology, the geophysical parameters
and the spectral frequency in question. Seismic examples should ideally be “ground truthed”
against positive evidence of orbital cyclicity from a nearby borehole. In such cases, seismic data
can be used to extrapolate borehole cyclostratigraphy data both laterally between boreholes and
vertically beyond the maximum drilled depth. We suggest that sediment drifts are the sedimentary
environment that is most promising for the detection of orbital cyclicity in seismic reflection
images, and similar principles could also be applied to other geophysical reflection methods such
as sub-bottom profilers.
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1. Introduction

Cyclostratigraphic methods have been widely applied to calibrate geological timescales
and to better understand the paleoclimate response to orbitally-forced insolation, primarily based
on directly sampled paleoclimate proxy data from outcrop exposures, drill core or borehole logs
(Hays et al., 1976; Hinnov, 2013; Zeeden et al., 2023). Most such methods are based on spectral
analysis of time-series data within a stratigraphic interval, where quasi-periodic orbital forcing
(Milankovi¢ cycles) might be identified as distinct peaks in the power spectrum, either by their
amplitude above a background noise floor (Vaughan et al., 2011; Weedon, 2003), by the frequency
ratio between peaks (Meyers and Sageman, 2007), or by their amplitude relationship (Meyers,
2015, 2019). Beyond directly sampled data, a handful of studies also claim to observe orbital
cyclicity in the power spectra of seismic reflection data (e.g., Weigelt and Uenzelmann-Neben,
2007; Horn and Uenzelmann-Neben, 2016; Rebesco et al., 2021), although the validity of such
approaches under real-world geological conditions and geophysical constraints has been
questioned (Mitchell, 2016). More problematically, these studies simply identify distinct spectral
peaks that appear to correspond to the expected periodicity of major Milankovi¢ cycles, without
attempting to estimate their statistical significance. This leaves open the possibility that these
apparent detections of orbital cyclicity from seismic data could, in reality, represent false
positives.

A common goal of cyclostratigraphy is to discriminate between spectral peaks that truly
represent orbital forcing and spurious peaks caused by background noise. The magnitude and
spectral character of the preserved orbital signal strongly depends on the response of the
depositional environment to orbital forcing; post-depositional disturbance such as compaction and

bioturbation; and spectral distortion introduced in converting from stratigraphic depth (or



equivalently seismic two-way traveltime; TWTT) to geological age (Hilgen et al., 2015). Here
background noise includes both sedimentation uncorrelated with orbital forcing and spectral
contamination introduced by the sampling strategy and the subsequent spectral transform, both of
which can induce spurious spectral peaks (Meyers, 2019). Faced with the difficulty of
conclusively identifying orbital cyclicity from power spectra, workers in the field of
cyclostratigraphy have developed a range of statistical procedures that instead quantify the
likelihood that a particular spectral peak is caused by orbital forcing (e.g., Huybers and Wunsch,
2005; Meyers, 2015; Meyers and Malinverno, 2018). These so-called hypothesis testing
approaches first posit the null hypothesis that orbital cyclicity is not preserved within a
stratigraphic interval. The presence of an orbital signal is confirmed by refuting the null hypothesis
at a given confidence level, usually by showing that the amplitude of a spectral peak exceeds the
background noise floor by a given factor. The probability that the experiment will correctly reject
the null hypothesis is termed the sensitivity (i.e., the probability that orbital cyclicity is detected
when it is preserved). The specificity of the test is the probability that the experiment will correctly
accept the null hypothesis (i.e., the probability that orbital cyclicity is not detected when it is not
preserved). An ideal test with high discriminatory power will have both high sensitivity (high true
detection rate) and a high specificity (low false detection rate). There is a general consensus in the
cyclostratigraphy literature that workers should prioritise minimising false detections (Type |
errors), the logic being that, as the preservation of orbital cyclicity requires very specific
geological conditions, cyclic stratigraphy should be relatively rare; detecting orbital forcing when
in fact it is not preserved is misleading and more dangerous than failing to detect orbital forcing
when it is preserved (Type Il errors) (Vaughan et al., 2011). In practice, increasing the specificity

of a statistical test by increasing the confidence level will generally decrease the sensitivity, which



limits the real-world scenarios where cyclostratigraphy can be successfully applied (Weedon,
2022).

The relationship between the confidence level and the discriminatory power of a particular
hypothesis testing approach can be empirically calibrated using Monte Carlo ensemble modelling
(Meyers, 2012; Vaughan et al., 2011). This involves generating models of sedimentary sequences
with a randomly varying background sedimentary noise model, commonly AR(1) first-order
autoregressive “red” noise (Mann and Lees, 1996). An ensemble of realisations are generated: the
first half with background noise only, and the second half with background noise plus an orbital
signal, usually assumed based on an astronomical solution (e.g., Laskar et al., 2004). The spectral
peak detection and hypothesis testing method is applied to both ensemble halves, which gives true
and false detection rates at all orbital periods. Previous workers have shown that for directly
sampled time series the confidence level is equivalent to the inverse of the false detection rate
(Vaughan et al., 2011; Meyers, 2012, 2019). In other words, if we set the confidence level to 95%,
we can expect that on average 5% of the detections at a particular frequency will be in error. It
should be noted that there is considerable debate in the literature about how to interpret these
confidence intervals, with these numbers being strictly valid only for single frequency tests
(Meyers, 2012; Vaughan et al., 2015; Weedon, 2022; Smith, 2023).Various corrections for
multiple frequency tests are proposed in the literature, including for scenarios where we search the
spectrum for orbital peaks or “tune” the power spectrum by varying the age-depth model without a
priori knowledge of the presence of cyclicity (Abdi, 2007; Schulz and Mudelsee, 2002).

In this study we aim to understand if, under common geological and geophysical
conditions, seismic reflection data are able to discriminate Milankovi¢ orbital cyclicity from

background sedimentation. We use a Monte Carlo ensemble modelling approach to calibrate the



sensitivity and specificity against the confidence level for both borehole and seismic cases. We
first outline the theoretical basis by which cyclicity preserved in the subsurface acoustic
impedance can be expressed in the power spectrum of the recorded seismic trace, and propose a
method to estimate the spectral background and perform peak detection that accounts for the
band-limited character of seismic data. We develop two synthetic models: i) a simplified example
with constant sedimentation rate (approx. 1.7 Ma-present), no velocity gradient and a known
seismic wavelet and ii) a more realistic example based on borehole and seismic data from ODP
Site 1084, Cape Basin (offshore Namibia, approx. 4.6 Ma—present), with variable sedimentation
rate, variable seismic velocity and a non-parametric, estimated seismic wavelet (Shipboard
Scientific Party, 1998c). Based on the results of this modelling we examine the likelihood that the
spectral peaks observed at this site are truly a result of orbital cyclicity as hypothesised in Weigelt
and Uenzelmann-Neben (2007). We also demonstrate a practical application of seismic
cyclostratigraphy by inverting for sedimentation rate using short-period eccentricity modulation
and bundling analysis (TimeOpt), for both the simplified synthetic and Cape Basin cases. Finally
we discuss the resulting limitations and possible future applications of seismic cyclostratigraphy
and propose rules-of-thumb for scenarios in which it may be successfully applied to real-world

data in the future.

2.  Methodology

2.1.  Expression of cyclicity in seismic reflection data

The seismic reflection response is primarily controlled by vertical changes in the acoustic

impedance (Z ), the product of the bulk density ( o) and the seismic velocity (v ). The

normal-incidence reflectivity (r,) is approximately the first derivative of the acoustic impedance



(Pullammanappallil et al., 1997). After Claerbout (1985), we can approximate an idealised depth

domain seismic trace, y,(z), as the convolution of a reflectivity series with the depth domain

seismic wavelet, w(z):
¥o(2) = 15(2) *W(2) 1)
<222 (a). @
z

This approximation models the vertical normal-incidence primary reflections only (no multiples or
noise, zero source-receiver offset). According to convolution theorem, the Fourier transform of the
convolution of two signals is equivalent to the product of their individual Fourier transforms. The
derivative of a real signal in Fourier domain is equivalent to a multiplication by the independent
variable, and the power spectrum of a signal is the square of the absolute Fourier transform.

Together these mean that the power spectrum of the depth domain seismic trace (Pyo) can be

related to the power spectra of the impedance (P, ) and the wavelet (P, ) by:
P, (k) = kIP, (k,)-P,(k,). ©)

where k, =1 is the vertical wavenumber (spatial frequency), the inverse of the vertical

wavelength (Irving and Holliger, 2010; Pullammanappallil et al., 1997).

Eq. 3 implies that if a periodic signal is expressed in the acoustic impedance, cyclicity will
also be evident in the power spectrum of the depth domain seismic trace, if the bandwidth of the
seismic wavelet includes the relevant spatial frequencies. Consequently, for orbital cyclicity to be
expressed in the seismic trace, the cyclicity must first be preserved in the seismic velocity and/or
the bulk density, and after conversion to depth domain (or equivalently age domain) the seismic
bandwidth must include the relevant spatial (or temporal) frequencies of the orbital signal. In

addition, the seismic reflection experiment introduces the following geophysical constraints:



1. Seismic sources are relatively narrow-band, typically on the order of 5 octaves (Sheriff
and Geldart, 1995), compared to geological structure that is heterogeneous over a
broad scale range (Levander et al., 1994; Holliger, 1996). The source frequency
response is non-flat, typically having a dominant peak and often several secondary
peaks and notches.

2. Seismic amplitudes are attenuated with propagation distance due to the expanding
wavefront (geometrical spreading). High frequencies are preferentially attenuated
(spectral reddening) and the phase of the wavelet is distorted with propagation
distance (dispersion) due to absorption (Mavko et al., 1979).

3. Long-wavelength impedance variation is attenuated (spectral blueing) inversely
proportional to the wavelength independent of the source bandwidth, as seismic
images are sensitive to reflectivity, approximately the derivative of impedance (Eq. 3).
This means that reflection data primarily image the fine-scale, short-wavelength (<
100s of metres) subsurface structure (Poppeliers, 2007).

4.  The seismic experiment contains additional sources of non-geological periodicity,
e.g., reverberations from short-period multiples; the bubble pulse (in marine data); and
“ghost reflections” from interference with the free surface, all of which could generate
distinct but spurious spectral peaks. Real-world seismic images also contain noise
inherent to the seismic experiment (environmental and acquisition noise) and

additional noise generated by data processing and imaging (processing noise).

Even though seismic processing aims to compensate for the above limitations, the
signal-to-noise ratio is invariably decreased and there is often frequency-dependent,

non-stationary distortion of the amplitude and phase of the seismic wavelet at later arrival times. In



addition, errors in the interval velocity model used to convert from TWTT (the natural recording
domain of seismic data) to depth domain, and subsequently the depth-age model used to convert to
stratigraphic age, will introduce distortion at long wavelengths. Compared to the power spectra of
directly sampled data such as borehole logs or core-scanning data, the background noise floor of a
seismic trace will be overall higher. As a result, spectral peaks in the power spectrum of a
comparable seismic trace will inevitably be defocused—broader and lower amplitude with respect
to the noise floor. Spectral peaks from cyclicity are generally already partially defocused in
geology due to contamination and distortion during deposition and preservation (Meyers, 2019),

geophysical reflection data will further amplify this effect.

2.2. Spectral background estimation

Statistical tests such as spectral background estimation and assigning corresponding
confidence intervals can be used as a threshold to discriminate true cyclicity from background
noise at a given confidence level (Meyers, 2019). In this study we follow a LOWSPEC-based
(Locally-Weighted Regression Spectral Background Estimation) approach for spectral baseline
fitting and significance testing (after Meyers, 2012). For a directly sampled paleoclimate proxy

from drill core, borehole or outcrop this proceeds as:

1. Estimate the background spectral power using a parametric noise model, e.g., AR(1)
red noise (Mann and Lees, 1996).

2. Whiten the spectrum by subtracting the estimated background noise model.

3. Estimate the spectral baseline, which should be close to flat after spectral whitening,

by fitting a locally-weighted scatterplot smoothing (LOWESS) trend.



4. Define confidence levels above the spectral baseline using a chi-square distribution

Spectral peaks exceeding the desired confidence level are counted as detections (statistically
significant peaks).

Compared to directly estimating the spectral baseline from the measured power spectrum
(e.g., Mann and Lees, 1996), LOWSPEC is attractive because it is flexible in the choice of
background noise model (such as higher-order autoregressive noise models, e.g., Sproson, 2020),
and the use of a locally-weighted regression in the spectral baseline estimation allows for
imperfect estimation and subtraction of the background noise in the spectral whitening step. This is
especially relevant for the seismic case, where the reflectivity has effectively been filtered by the
narrow-band and non-flat seismic wavelet (Section 2.1), meaning that estimating the background
noise spectrum of a seismic trace is more challenging than for directly sampled data. Meyers
(2012) and Weedon (2022) demonstrate, using Monte Carlo ensemble modelling, that if the
background noise can be correctly estimated and removed, confidence levels are equivalent to the
specificity (i.e., a given spectral peak above the 99% significant level has a 1% chance of being a
false detection, on average). There has been extensive discussion in the literature about the true
statistical meaning of these confidence levels, and under which circumstances they are valid (e.g.,
Vaughan et al., 2011; Meyers, 2019; Weedon, 2022; Smith, 2023). For this study, we do not enter
this discussion, as we aim to instead simply compare borehole (direct sampling) and seismic
cyclostratigraphic methods.

For the seismic case, we propose a modified LOWSPEC approach (Meyers, 2012) for
spectral baseline estimation on the power spectra of seismic traces that have been transformed

from TWTT to age domain. The major difference is in the spectral whitening step, in which we:

1. Estimate the seismic wavelet and remove its frequency-dependent amplitude filtering



effect by deconvolving the wavelet from the seismic trace (using a water-level
deconvolution procedure).

2. Correct for the preferential loss of low-wavenumber acoustic impedance information
by multiplying the amplitude spectrum by the wavelength in Fourier domain (Eg. 3).

3. Estimate the AR(1) noise parameters (variance, S;, and lag-1 autocorrelation
coefficient, ¢ ) and subtract the noise model in frequency domain to give the whitened

spectrum.

We note that (1) will artificially boost the amplitudes of frequencies outside the seismic
bandwidth, in effect amplifying the noise at these frequencies. This is not problematic, because the
Monte Carlo ensemble modelling will (correctly) represent these frequencies as having high false
positive rates. It should also be noted that (1) requires an estimate of the seismic wavelet: this
could be recorded by a far-field hydrophone, modelled or simply estimated from the seafloor
reflection in marine seismic data (as in this study). An amplitude correction for geometrical
spreading should be applied to the data because ideally all parts of the analysed interval should
contribute equally to the power spectral estimate, even as seismic amplitudes naturally decrease
with increasing propagation distance (Section 2.1, Mitchell, 2016). Following the whitening step,
we use a LOWESS regression to estimate the spectral baseline. The assigning of confidence

intervals and peak detection proceeds as for the directly sampled data (Meyers, 2012).

2.3.  Model building and synthetic modelling

We model the background sedimentary noise as an AR(1) random noise series, regularly

sampled in age domain and parameterised by the red noise variable, ¢, which controls the



contribution of long wavelengths to the spectrum (redness). We then add an orbital signal in age
domain with unit variance. Here we use an astronomical solution for insolation from Laskar et al.
(2004), but in principle this could be any orbital signal. Using the age model, we interpolate to a
series that is regularly sampled in depth domain. This depth domain series is subsequently scaled
to match the desired statistical properties of, e.g., a velocity or density model.

For this study we model an acoustic impedance pseudo-borehole log, as it is the parameter
most directly comparable to the seismic reflection trace. The method also be applied to any
borehole log (or derived pseudo-log) that measures a parameter relevant to acoustic impedance. To
create the synthetic acoustic impedance pseudo-logs, we first model the synthetic sonic and
density logs separately, to reflect the respective resolutions of the wireline logging tools used
during ODP Leg 175 (Shipboard Scientific Party, 1998a). The synthetic sonic log is modelled by
convolving a 3 m length boxcar window with the velocity series, to match the approximate vertical
resolution of the Sonic Digital Tool (transmitter-receiver separation 2.4-3.6 m). Similarly, the
synthetic density log is modelled by convolving a 0.3 m length boxcar window with the density
series to match the approximate vertical resolution of the Hostile Environment Lithodensity Sonde
(Ocean Drilling Program, 2004). The resulting logs are resampled to 0.15 m to match the sample
interval used in ODP Leg 175 and multiplied together to produce the synthetic acoustic impedance
pseudo-log. For real-world data, an acoustic impedance pseudo-log is generated simply by
multiplying the measured sonic and density logs.

For the seismic modelling we use a 1-D visco-acoustic finite difference scheme (2nd order
in time, 8th order in space) to forward model the zero-offset seismic reflection response, including
the effects of multiples and frequency-dependent attenuation. The modelling scheme uses the 2nd

order visco-acoustic wave equation based on the Standard Linear Solid (SLS) model for



attenuation and dispersion (Carcione, 2014) and is implemented using Devito, an open-source
Python library for finite difference modelling (Louboutin et al., 2019). The top edge of the model
is a free surface and no absorbing boundary is used at the bottom edge of the model. Instead, the
computational domain is padded at the bottom by a distance that is equivalent to the whole
interval, to ensure reflections from grid boundaries are not recorded within the same time window
as the primary reflections, as even small reflections from imperfect absorbing boundaries are liable

to strongly affect the resulting spectrum. The seismic attenuation factor, Q, is constant throughout

the stratigraphic interval. The source wavelet is injected as an impulsive pressure source from the
top of the model, and the reflected wavefield is recorded by a co-incident receiver. The modelling
is run for long enough to record a P-wave reflection from the deepest part of the model. To
simulate acquisition and processing noise we add Gaussian noise equivalent to 2.5% of the RMS

amplitude of the modelled trace.

2.4. Monte Carlo ensemble analysis

We model multiple realisations by varying the random seed used to generate the
background sedimentary noise. For each realisation we store the velocity and density model, the
corresponding acoustic impedance pseudo-log and the modelled synthetic seismic trace. We
estimate the spectral background of the acoustic impedance pseudo-log directly using LOWSPEC
(Meyers, 2012). The spectral background of the synthetic seismic trace is estimated using the
modified LOWSPEC approach (Section 2.2). Power spectrum estimation uses the multi-taper
method (Thomson, 1982) implemented with the open-source Python library “multitaper” (Prieto,
2022). Prior to power spectrum estimation we isolate the stratigraphic interval by windowing,

tapering (cosine tapers with half-width 5% of the interval thickness), then de-mean and detrend the



signal.

2.5. Eccentricity modulation and bundling analysis

An alternative technique to perform astrochronological testing is eccentricity-related
amplitude modulation and bundling analysis (Zeeden et al., 2015). Here we demonstrate the
borehole log and seismic application of TimeOpt (Meyers, 2015), an approach to invert for the
optimal sedimentation rate for a stratigraphic series by simultaneously optimizing for
eccentricity-related amplitude modulation (bundling) and the concentration of spectral power at
the target frequencies. The result is an age domain stratigraphic series tuned to a predicted
eccentricity model.

The modulator frequency is extracted by filtering to the carrier frequency band and taking
the envelope using the Hilbert transform. Then a model of the eccentricity frequencies included in
the modulator band is formed, with the amplitude and phase of each component frequency
determined during the inversion. The Pearson’s rank correlation coefficient can be used to
quantify the match between the reconstructed model and the observed envelope of the carrier band.

Simultaneously, the total spectral amplitude at the target frequencies is calculated. This procedure

is repeated to obtain the correlation coefficients r?, and r2, for the envelope and spectral

env pow
amplitudes respectively, at each candidate sedimentation rate. The overall measure of goodness of

fit, r?

ot » 1S computed by multiplying the two together. The statistical significance of the result can

be evaluated by comparing the best fitting rozpt

of the analysed stratigraphic series to that of an
ensemble of noise models that do not include an orbital signal. The TimeOpt concept can also be
extended to invert for variable sedimentation rate models, from a simple linear change in

sedimentation rate up to strongly discontinuous sedimentation models that include hiatuses and



event beds (Meyers, 2015, 2019).

For typical TimeOpt applications the modulator frequencies would be the dominant
eccentricity frequencies, and the carrier frequencies would be the dominant precession
frequencies. Due to the relatively low resolution of the seismic data considered in this study, we
expect to image little-to-none of the precession band, so instead we use the “long-period” 405 kyr
eccentricity cycle as the modulator frequency and the “short-period” ~125 and ~ 93 ka
eccentricity cycles as the carrier frequencies. We cannot use simple AR(1) noise series to model
the orbital signal free noise ensemble, as it would not properly model the limited bandwidth of
seismic data (Section 2.1). Instead we apply an identical TimeOpt analysis to each of the
realisations in the ensemble half with no added orbital signal generated during the Monte Carlo
ensemble analysis (Section 2.4). For this study, we ignore variable sedimentation rate templates

and simply invert for the mean sedimentation rate.

3. Simplified synthetic model

3.1. Model setup

The goal of the simplified synthetic model is to demonstrate seismic imaging of orbital
cyclicity in a simplified example with common geological and geophysical parameters. The model
consists of a 250 m interval with constant sedimentation rate of 15 cm ka™ (i.e., 1.7 Ma—present)
(Fig. 1). The background sedimentary noise is an AR(1) noise function with red noise parameter
@ =0.75, sampled every 5 cm (1 kyr). The orbital signal is an eccentricity-tilt series, constructed
by taking the eccentricity and obliquity components of the Laskar et al. (2004) astronomical
solution, sampled every 1 kyr and weighted to have roughly equal spectral power (Fig. 1e). For

realisations with an added orbital signal, the sedimentary signal is a weighted sum of 25%



astronomical signal and 75% background sedimentary noise. The P-wave velocity is the

1

sedimentary signal scaled to have a mean velocity of 2000 ms —* and variance 200 ms . The bulk

density, p, is derived from the P-wave velocity, v, , using Gardner’s relation of p = 0.31vp*

(Gardner et al., 1974). The seismic attenuation parameter is Q =80 throughout the whole model.

The acoustic impedance pseudo-log and the seismic reflection response are modelled from
the velocity and density series according to Section 2.3. The seismic source is a Ricker wavelet
with dominant frequency 100 Hz (Fig. 1d,j). The seismic modelling is run for 8350 timesteps
(0.76 s), and subsequently resampled to 1 ms. We model n=2000 background sedimentary
noise series, with and without an added orbital signal, resulting in an ensemble of n=4000 total

realisations.

3.2.  Monte Carlo ensemble modelling results

The modelled acoustic impedance pseudo-logs are broadband, whereas the modelled
seismic traces are narrowband, roughly corresponding to the bandwidth of the source wavelet,
approximately 0.015-0.1 cycles m ™ (30-194 Hz; Fig. 1d,j). The effective seismic wavelet is

represented by the source wavelet stretched to depth domain and filtered with a forward-Q

attenuation and dispersion operator (Varela et al., 1993). Examples at three distinct travel times are
presented in Fig. 1k and I, which can be compared to the modelled seismic traces (Fig. 1c and i).
The power spectra of the modelled seismic traces are strongly frequency-dependent, with peak
power around the dominant source frequency of 0.1 cycles m ™" (100 Hz). There is visible
correlation of spectral peaks between the seismic and borehole log within the seismic bandwidth.
To a first approximation, the seismic power spectra appear similar to the borehole log filtered by

the source wavelet. Outside the seismic bandwidth (<30 Hz and >194 Hz) the majority of the



power is presumably due to the synthetic seismic noise (Section 2.3). For the realisation where no
orbital signal is added (background sedimentary noise only) both the borehole and seismic power
spectra show isolated, distinct (but spurious) peaks (Fig. 1d). For the realisation where an orbital
signal is added the borehole log and seismic power spectra still show isolated and distinct peaks,
however, many of the distinct peaks align with the dominant periodicity in the orbital signal (Fig.
1j). This indicates that the seismic trace has indeed imaged some of the orbital cyclicity (Fig. 1j). It
should be noted that there are still several distinct spurious peaks that do not align with the orbital
periodicities, these are false positives and should give us caution before conclusively interpreting
any given distinct peak as representing orbital cyclicity.

Fig. 2 shows the spectral background estimation and significance levels for the same
realisations as Fig. 1. For the acoustic impedance pseudo-log of the two realisations, the red noise

A

parameter has been estimated as ¢ =0.72 (no orbital signal) and ¢ =0.80 (orbital signal),
compared to the true model value of ¢ =0.75. After whitening, both spectra appear roughly

horizontal (Fig. 2a,b). Both realisations show several spectral peaks at >99% confidence level, but
the orbital signal realisation shows >99% exceedances that align with e3 (95 kyr eccentricity), ol
and 02 (53 kyr and 41 kyr obliquity) (Fig. 2b,f). For the seismic case, the results appear more
complex (Fig. 2c,d). Within the source bandwidth, the spectrum has been flattened compared to
the raw spectrum, but is still sub-horizontal. For the realisation with an added orbital signal there is
a >95% exceedance at e3 (95 kyr eccentricity), ol and 02 (53 and 41 kyr obliquity) (Fig. 2b,f).
The ensemble false positive rate for the borehole log is largely frequency-independent and
approximates the inverse of the uncalibrated confidence level (i.e., a confidence level of 95%
gives, on average, a false detection rate of 5% across all frequencies; Fig. 3a). This is consistent

with findings in Meyers (2012) for directly sampled time series contaminated with AR(1) noise.



For the seismic case, the false positive rate is broadly consistent with the uncalibrated confidence
level within the seismic bandwidth (Fig. 3b). There is, however, a clear frequency-dependence,
and the false positive rate is strongly inflated towards the edges of the seismic bandwidth where
the source power is the lowest (and consequently the signal-to-noise is also lowest). The sensitivity
plots show that for the borehole log, periodicities el, e2, e3 (405 kyr, 125 kyr and 95 kyr
eccentricity) and ol, 02 (56 kyr and 41 kyr obliquity) are detected, albeit with different true
positive rates, presumably correlated to the respective spectral power from each orbital period in
the astronomical solution (Fig. 3c). For the seismic case, the sensitivity is always lower than for
the borehole log, with no or very little sensitivity shown for the el and e2 periods (405 kyr and 125
kyr eccentricity; Fig. 3d). For all cases, increasing the uncalibrated confidence level threshold
from 90% to 95% to 99% reduces the respective sensitivity. Receiver operating characteristic
curves (often abbreviated as ‘ROC curves’) show the tradeoff between sensitivity (the average true
positive rate) and specificity (the average true negative rate) as the confidence level is varied (Fig.
3e-i), where the 1:1 line represents the equivalent discriminatory power to a coin flip (i.e., random
chance). Hypothesis testing for orbital cyclicity from the acoustic impedance log has clear
discriminatory power (better than random chance) at periodicities el, e2 and e3 (405 kyr, 125 kyr
and 95 kyr eccentricity) and 02 (41 kyr obliquity). Hypothesis testing using the seismic, instead,
has clear discriminatory power only at periodicities e3 (95 kyr eccentricity) and 02 (41 kyr
obliquity). We note that periodicity el (405 kyr eccentricity) does not have a receiver operating
characteristic curve for the seismic case simply because the frequency is so far outside the seismic
bandwidth that there are no positive detections (true or false) in the ensemble (Fig. 3e). For all
cases, both the sensitivity and specificity of the seismic case are lower than for the comparable

borehole log case.



3.3.  Short-period eccentricity modulation and bundling analysis

We perform short-period eccentricity TimeOpt analysis on the simplified synthetic
ensemble to test for amplitude modulation and bundling (Section 2.5). The target periods are 405
kyr (modulator frequency), 125 kyr and 95 kyr eccentricity (carrier frequencies), and the data are

-1

filtered with a Taner filter with corner frequencies 0.007-0.0115 cycles ka — to extract the

short-period eccentricity component. We test 200 sedimentation rates linearly spaced between
5-25cmka .

We first apply the TimeOpt analysis to a single realisation (corresponding to Fig. 1) of the
synthetic ensemble half that has an added astronomical signal, both to the borehole log (in depth
domain) and to the equivalent modelled and whitened seismic trace (converted from TWTT to
depth domain using the velocity model) (Fig. 4). The optimal sedimentation rate for both borehole

log and seismic data (15.3 cm ka ™) is very close to the true modelled sedimentation rate (15 cm

ka™') (Fig. 4a and b). There is also well defined peak in the overall goodness of fit, r?2, , around the
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true sedimentation rate for both, although the peak goodness of fit for the seismic example is
significantly lower than for the borehole log. The reconstructed long-period eccentricity models
appear visually similar to the envelope of the short-period eccentricity band, and appear consistent
between the borehole log and seismic cases (Fig. 4c and d). After conversion from depth to age
domain with the best fitting sedimentation rate, spectral peaks align well with the target
frequencies (Fig. 4i and j).

We repeat the TimeOpt analysis for every realisation in the ensemble half that does not

have an added astronomical signal (noise ensemble). The distribution of the best fitting rozpt for



the noise ensemble is shown in Figs. 4g and h, alongside the best fitting r’

o Tor the borehole log

and seismic astronomical signal realisations, respectively. The borehole log goodness of fit is

highly significant compared to the best fit rozpl of the noise ensemble (Fig. 49). The seismic trace

fit has relatively lower significance, but still higher than the majority of the noise ensemble (Fig.
4h), indicating that also the amplitude modulation and bundling analysis for the seismic case has

high significance.

Figure 1. Two realisations of the simplified synthetic model with sedimentary noise only (ho
orbital signal), and with sedimentary noise plus an orbital signal. (a) and (g) are the acoustic
impedance pseudo-logs and (b) and (h) their respective power spectra. (c) and (i) are the seismic
traces, and (d) and (j) their respective power spectra. Examples of spurious spectral peaks are
marked with black arrows in (h) and (j). (e) is the eccentricity-tilt orbital signal and (f) the power
spectrum (based on the astronomical solution from Laskar et al., 2004). (k) is the effective seismic
wavelet at three different depths by stretching the injected source wavelet to depth domain and

applying a forward-Q operator to simulate seismic absorption (Varela et al., 1993), and (I) the

corresponding power spectra. Shaded zones represent the dominant eccentricity (e1=405 kyr,
e2=125 kyr, e3=95 kyr) and obliquity (01=56 kyr, 02=41 kyr) cycles for the interval 1.75

Ma—present. Power spectra are computed using the multi-taper method.

Figure 2: Power spectra for two realisations of the simplified synthetic model with sedimentary
noise only (no orbital signal), and with an added orbital signal (corresponding to Fig. 1). (a) and (b)
are the acoustic impedance pseudo-logs, the raw spectra (dashed red) and the whitened spectra

(solid red). (c) and (d) are the power spectra of the synthetic seismic traces, the raw (dashed blue)



and the whitened spectra (solid blue). The estimated spectral baselines are plotted in solid black,
and the parallel dashed black lines represent the corresponding confidence intervals. (e) and (f) are
the confidence adjusted spectra, where the spectral baseline is at 0%. Shaded zones represent the
dominant eccentricity (e1=405 kyr, e2=125 kyr, e3=95 kyr) and obliquity (01=56 kyr, 02=41 kyr)

cycles for the interval 1.75 Ma—present. Power spectra are computed using the multi-taper method.

Figure 3: Simplified synthetic model false positive rates at each spectral frequency, relative to the
90%, 95% and 99% confidence levels for (a) the borehole log and (b) the seismic case (note that
the frequency axes cover different ranges). (c) and (d) are the true positive rates for the dominant
eccentricity (e1=405 kyr, e2=125 kyr, e3=95 kyr) and obliquity (01=56 kyr, 02=41 kyr) cycles.
(e-i) Receiver operating characteristic curves for each orbital term, showing the discriminatory
power as the confidence level is varied (grey lines indicate 1:1 correspondence, i.e., equivalent to a

coin flip).

Figure 4: Short-period eccentricity modulation and bundling analysis (TimeOpt) for both the
borehole log and whitened seismic trace for one realisation of the simplified synthetic model that
includes an orbital signal (Figs. 1g, i). (a-b) Goodness-of-fit criteria for each candidate
sedimentation rate. (c-d) Data scaled and stretched to age domain with the best fitting
sedimentation rates, with comparison (above) between the envelope of the short-period

eccentricity band and the reconstructed eccentricity model. (e-f) Crossplot of the fit between the

data amplitude envelope and the reconstructed eccentricity model. (g-h) The optimal rozpt for this

realisation compared to a histogram of r02pt values for the ensemble of simplified synthetic models

that do not include an orbital signal. (i-j) Power spectra of the data in age domain with the



dominant orbital periods shaded, and the TimeOpt target eccentricities and short-period
eccentricity band indicated (blue dashed lines). Shaded zones represent the dominant eccentricity
(e1=405 kyr, e2=125 kyr, e3=95 kyr) and obliquity (01=56 kyr, 02=41 kyr) cycles for the interval

1.75 Ma—present.

4. ODP Site 1084 (Cape Basin) real-world data example

4.1. Geological setting and data overview

ODP Site 1084 is located in the northern Cape Basin, offshore Namibia (Fig. 5), and was
drilled as part of ODP Leg 175, whose main objective was to study sedimentary deposits related to
the Benguela Current Upwelling System (Shipboard Scientific Party, 1998b). Drilling recovered
610 m of primarily organic-rich sediments, intermediate between hemipelagic mud and pelagic
00ze, up to 4.62 Ma in age. The Cape Basin represents an ideal site to study the fine-scale

influence of climate on sedimentation, and thus orbital cyclicity, due to its high sedimentation

-1 -1

rates (~8cm ka  in the early Pliocene to well above 15 cm ka ™ in the late Quaternary; Berger
et al., 2002), which result from the influence of the Benguela Current Upwelling System. At
present day, this is one of the four major eastern boundary upwelling regions of the world ocean
and is driven by the south-easterly trade winds, which result in zones of enhanced productivity.
Studies along the southwest African continental margin have shown that the high productivity and
upwelling initiation began at about 12-11.5 Ma, followed by an increase in mass accumulation
rates of organic carbon and benthic foraminifera indicating an increase in productivity and
coinciding with changes in the regional climate (Wefer et al., 2002; Diester-Haass et al., 2004).

The resulting depositional structures were shaped by the interaction of climate, oceanic currents

and sea level fluctuations, which modulated the physical properties of the marine sediments. In



this way, P-wave velocity and density are affected, which are the parameters controlling acoustic
impedance, and subsequently the seismic reflectivity. The amplitudes of generated reflectors are
higher with stronger and more abrupt changes in density or P-wave velocity of successive layers.
Weigelt and Uenzelmann-Neben (2007) present examples of power spectra of seismic traces (and
density logs) from several ODP Leg 175 sites in the Cape Basin which show distinct spectral peaks
that mainly correspond to 100 kyr eccentricity cycles.

For this study we use the ODP Site 1084 age model from Berger et al. (2002) based on
nannofossil and paleomagnetic data (Fig. 5d). The site was logged with a typical set of downhole
logging tools, including the Hostile Environment Lithodensity Sonde (HLDS) and the Sonic Array
Tool (SDT-LS) (ODP Hole 1084A; Wefer et al., 2002). Here we use the HDLS RHOM track as the
bulk density log, and the processed SDT-LS VP1 track as the sonic velocity (Fig. 5b and c). ODP
Site 1084 is intersected by seismic reflection profile AWI1-96014, acquired as part of a site survey
prior to drilling ODP Leg 175 (Fig. 5). The synthetic model aims to repeat the previous experiment
(Section 3) with geological parameters that approximate the conditions at ODP Site 1084 and

geophysical parameters that approximate seismic reflection profile AWI-96014.

Figure 5: (a) Seismic reflection profile with location of ODP Site 1084 and age-depth overlay. (b)
Sonic and (c) bulk density borehole logs (note that these logs start below the seafloor due to the
hole casing). (d) Age-depth model (thick line) and corresponding sedimentation rate (thin line). (e)
Estimated seismic wavelet and (f) power spectrum, with power spectra of (i) and (j) for
comparison. (g) Time-depth model (thick line) and corresponding interval velocity (thin line) after
seismic-log correlation. (h) Acoustic impedance (black) and reflectivity (blue) in TWTT. (i)

Seismic traces adjacent to the borehole (location in (a)) and (j) the corresponding convolutional



synthetic traces, used to validate the time-depth model. TWTT: two-way traveltime.

Figure 6: ODP Site 1084 (Cape Basin) real-world data. (a) The acoustic impedance pseudo-log
stretched to age domain using the age-depth model (Fig. 4d), and (b) the corresponding power
spectrum. Values younger than approximately 250 ka are extrapolated due to the hole casing. (c)
The corresponding recorded seismic trace, stretched to age domain, and corresponding power
spectrum (d). (e) The effective seismic wavelet at three different ages by stretching the estimated
seismic wavelet to age domain and (f) the corresponding power spectra. (g) The raw (dashed) and
whitened (solid) power spectra for the borehole log. (h) The raw (dashed) and whitened (solid)
seismic trace power spectra. (i) Both the borehole log and seismic confidence adjusted spectra,
where the spectral baseline is at 0%. Shaded zones represent the dominant eccentricity (e1=405
kyr, e2=125 kyr, e3=95 kyr), obliquity (01=56 kyr, 02=41 kyr) and precession (p1=24 kyr, p2=22
kyr, p3=19 kyr) cycles for the interval 4.6 Ma—present. Power spectra are computed using the

multi-taper method.

We estimate the seismic wavelet by shift-stacking the seafloor reflection on seismic profile
AWI1-96014 (Blondel et al., 2023). This method assumes that the seismic profile approximates a
zero-offset image, and that the seafloor represents an isolated positive impedance contrast. Over
the length of the profile the sub-seafloor geology varies, meaning that after shift-stacking the
seafloor reflections constructively interfere, whereas the sub-seafloor reflections are cancelled out.
The result is a wavelet that approximates the far-field seismic source wavelet (Fig. 5e). The
dominant frequency of the estimated seismic wavelet is approximately 80 Hz.

We perform a borehole-seismic correlation by interactively picking a time-depth model in



OpendTect seismic interpretation software! using several control points, which are used to
convert both the sonic velocity and density logs to TWTT. The product of the two logs gives the
acoustic impedance and the corresponding reflectivity series (Fig. 5h). We convolve the
reflectivity series with the estimated seismic wavelet to produce a synthetic seismic trace at the
borehole location (Fig. 5j). This is visually correlated with the 5 closest traces to the borehole in
AWI1-96014 (Fig. 5i). The control points are linearly interpolated to give a time-depth model for
ODP Site 1084 (Fig. 5g). We convert from TWTT to stratigraphic age domain by first
interpolating from TWTT to depth using the time-depth model, then interpolate to age domain

using the depth-age model (Fig. 5d).

4.2. ODP Site 1084 borehole and seismic cyclostratigraphy

Fig. 6 shows the ODP Site 1084 acoustic impedance pseudo-log and the closest seismic
trace from seismic profile AWI1-96014 stretched from TWTT to age domain, alongside their
respective power spectra. The borehole log power spectrum shows distinct spectral peaks that
correlate with, or fall close to, the orbital periods for el, €2, e3 (400 kyr, 125 kyr and 95 kyr
eccentricity), ol (56 kyr obliquity) and pl and p2 (24 kyr, 22 kyr precession) (Fig. 6b). The
seismic trace power spectrum, instead, shows a clear distinct spectral peak only at e3 (95 kyr
eccentricity) (Fig. 6d).

Figs. 6g-h show the borehole log and seismic trace spectra after spectral whitening and
spectral baseline estimation. The confidence-adjusted borehole log spectrum shows spectral peaks
at >90% confidence level for orbital periods el, e2 (400 kyr and 125 kyr eccentricity), 02 (41 kyr

obliquity) and p2 (22 kyr precession), and at >95% confidence level for e3 (95 kyr eccentricity)

! https://dgbes.com/software/opendtect



and p1 (24 kyr precession). There is also a >95% confidence level peak just outside the bounds for
orbital period ol (56 kyr obliquity). If this is not a spurious peak, this misalignment could be
caused by errors in the depth-age model. There is clear evidence of several spurious >90%
confidence level spectral peaks that are not associated with the dominant orbital periods. The
confidence-adjusted seismic trace spectrum shows spectral peaks at >90% confidence level for
orbital periods e2, e3 (125 kyr and 95 kyr eccentricity) and 02 (41 kyr obliquity), and at >99%
confidence level for ol (56 kyr obliquity). There is clear evidence of several spurious >90%
confidence level spectral peaks that are not associated with the dominant orbital periods, including
one at >99% confidence level between the eccentricity and obliquity bands. The >99% confidence
level spectral peaks close to p3 (19 kyr precession) are clearly spurious, as they fall well outside
the seismic bandwidth, and likely represent artifical over-boosting of noise at the edges of the
source bandwidth during spectral whitening.

The statistically significant detections are consistent with previous observations of distinct
spectral peaks aligned with 400 kyr and 100 kyr eccentricity cyles and 41 kyr obliquity cycles from
both borehole log (density log) and seismic traces at other sites drilled in the Cape Basin during

ODP Leg 175 (Weigelt and Uenzelmann-Neben, 2007).

4.3. Model setup

The role of our ODP Site 1084 synthetic model is to demonstrate the application of seismic
cyclostratigraphy in a scenario with real-world geological and geophysical parameters: variable
sedimentation rate, a variable velocity model and a non-parametric source wavelet (Fig. 5). The
ODP Site 1084 synthetic model consists of a water layer above a 550 m stratigraphic interval

starting from the seafloor, with a sedimentation rate that varies between 7 and 22 cm ka™ (from



4.2 Ma—present; Fig. 5d). The background sedimentary noise is AR(1) noise with red noise

parameter ¢ =0.9, chosen to approximately fit the observed power from the ODP Site 1084

acoustic impedance pseudo-log, sampled every 5 cm (approx. 1 kyr at the seafloor). The orbital
signal is an eccentricity-tilt-precession series, constructed by taking the eccentricity, obliquity and
precessional components of the Laskar et al. (2004) astronomical solution, sampled every 1 kyr
and weighted to have roughly equal spectral power (Fig. 7e). For realisations with an added orbital
signal, the sedimentary signal is a weighted sum of 25% astronomical signal and 75% background
sedimentary noise. The P-wave velocity and bulk density models use the background trend from

Fig. 5b and c, respectively, smoothed with a 400 m Gaussian smoother, and adding the
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sedimentary signal scaled to have a standard deviation of 50 ms™— and 70 g cm — respectively
(chosen to approximately match the ODP Site 1084 borehole logs). The attenuation parameter is

Q =120 within the stratigraphic interval.

The acoustic impedance pseudo-log and the seismic reflection response are modelled from
the velocity and density series (Section 2.3; Fig. 7a-d,g-j). The seismic source is the estimated
seismic wavelet from profile AWI1-96014 (Section 4.1; Fig. 5f). The seismic modelling is run for
24 800 timesteps (2.48 s), and subsequently resampled to 1 ms. We model n=1000 background
sedimentary noise series, with and without an added orbital signal, resulting in an ensemble of

n = 2000 total realisations.

4.4. Monte Carlo ensemble modelling results

For the individual realisations there is visible correlation of spectral peaks between the
seismic and borehole log within the seismic bandwidth (Fig. 7), albeit less clearly than for the

simplified synthetic model (Fig. 1), due to the more complicated frequency response of the



estimated source wavelet. For the realisation where no orbital signal is added (background
sedimentary noise only) both the borehole and seismic power spectra show isolated, distinct (but
spurious) peaks (Fig. 7b,d). For the realisation where an orbital signal is added the borehole and
seismic power spectra still show isolated and distinct peaks, however many of the distinct peaks
align with the dominant periodicity in the orbital signal. This indicates that the seismic trace has
imaged some of the orbital cyclicity.

Both realisations (see also the spectral background estimation and significance levels in
Fig. 8) show several spectral peaks in the borehole log at >99% confidence level, but the orbital
signal realisation shows >99% exceedances that align with el and e3 (405 kyr and 95 kyr
eccentricity) and 02 (41 kyr obliquity) (Fig. 8f). For the seismic case, the results appear more
complex. The whitening procedure has artificially boosted the spectral power at the edges and
outside the source bandwidth. Within the source bandwidth, the spectrum has been flattened
compared to the raw spectrum and is roughly horizontal (Fig. 8c,d). Both realisations show several
spectral peaks exceeding the >99% confidence level, and for the realisation with an added orbital
signal there is a >99% exceedance at e2 and e3 (125 kyr and 95 kyr eccentricity) and 02 (41 kyr
obliquity), and a >95% exceedance at p1 (24 kyr precession).

For the Monte Carlo ensemble modelling the false detection rate for the borehole log is
largely frequency-independent and approximates the inverse of the uncalibrated confidence level
(i.e., a confidence level of 95% gives, on average, a false detection rate of 5% across all
frequencies) (Fig. 9a). For the seismic case, the false detection rate is higher than the uncalibrated
confidence level within the seismic bandwidth and there is a very strong frequency-dependence
(Fig. 9b). The sensitivity plots show that for the borehole log at confidence level 90% only e2, e3

(125 kyr and 95 kyr eccentricity), 02 (41 kyr obliquity) and p1, p2 and p3 (24 kyr, 22 kyr and 19



kyr precession) are correctly detected at a rate of >75% (Fig. 9c). For the seismic case the
sensitivity is always lower than for the borehole log, with almost zero sensitivity shown for the el
(405 kyr eccentricity) period and significantly lower sensitivity show for the precession periods
(Fig. 9d). For all cases, increasing the uncalibrated confidence level threshold from 90% to 95% to
99% reduces the sensitivity, as expected. Receiver operating characteristic curves show the
tradeoff between sensitivity (the average true positive rate) and specificity (the average true
negative rate) as the confidence level is varied (Fig. 9e-l). Hypothesis testing for orbital cyclicity
from the acoustic impedance pseudo-log has clear resolving power (better than random chance) at
periodicities el, e2 and e3 (405 kyr, 125 kyr and 95 kyr eccentricity), 02 (41 kyr obliquity) and p1,
p2 and p3 (24 kyr, 22 kyr and 19 kyr precession). Hypothesis testing using the seismic trace,
instead, has clear resolving power only at periodicities e3 (95 kyr eccentricity), 02 (41 kyr
obliquity) and pl (24 kyr precession). For all cases both the sensitivity and specificity of the

seismic case are lower than for the comparable borehole log case.

4.5. Short-period eccentricity modulation and bundling analysis

We perform short-period eccentricity TimeOpt analysis on both the ODP Site 1084
real-world data (Fig. 5) and the ODP Site 1084 synthetic model (Fig. 7) to test for amplitude
modulation and bundling (Section 2.5). The target periods and filter parameters to extract the

short-period eccentricity component are the same as for the simplified synthetic model (Section

3.3). We test 100 sedimentation rates linearly spaced between 10-20 cm ka . The ODP Site 1084

< with a

realistic sedimentation rate model is strongly variable, from approximately 7—22 cm ka
mean sedimentation rate of 14.8 cm ka ™ (Berger et al., 2002, Fig. 5d). For this demonstration we

simply invert for the mean (constant) sedimentation rate.



We first apply the TimeOpt analysis to both the ODP Site 1084 real-world data (Fig. 5),
both to the borehole log (depth domain) and to the equivalent whitened seismic trace (converted
from TWTT to depth domain using the velocity model) (Figs. 10a,b). The optimal sedimentation
rate for the borehole log (14.6 cm ka ™) is very close to the mean model sedimentation rate (14.8
cm ka ™) (Fig. 10a). The reconstructed long-period eccentricity models appear visually similar to
the envelope of the short-period eccentricity band (Fig. 10e). After conversion from depth to age
domain with the best fitting sedimentation rate, spectral peaks align well with the target

frequencies (Fig. 10q). For the seismic trace, the optimization is less successful, yielding an

optimal sedimentation rate of 12.8 cmka™ (Fig. 10b). The reconstructed long-period eccentricity
models do not correlate well with the envelope of the short-period eccentricity band (Fig. 10f), and
the age domain spectral peaks do not appear to align well with the target frequencies (Fig. 10r).
We then apply the TimeOpt analysis to a single realisation of the synthetic ensemble half
that has an added astronomical signal (corresponding to Fig. 7). The optimal sedimentation rate for

the borehole log (15.5 cm ka ™) is close to the true mean model sedimentation rate (14.8 cm ka ™

), with a well defined peak in the overall goodness of fit, r,,,

around the mean model rate (Fig.
10c). The reconstructed long-period eccentricity models appear visually similar to the envelope of
the short-period eccentricity band (Fig. 10g). After conversion from depth to age domain with the
best fitting sedimentation rate, spectral peaks align well with the target frequencies (Fig. 10s). For
the seismic trace, the optimization is less clear, yielding a goodness of fit with a large spread

around the mean model sedimentation rate, and a peak fit at 16.3 cm ka™ (Fig. 10d).

We repeat the TimeOpt analysis for every realisation in the ensemble half that does not

have an added astronomical signal (noise ensemble). The distribution of the best fitting rozpt for

the noise ensemble is shown in Figs. 10m and o (borehole log) and Figs. 10n and p (seismic trace),



alongside the best fitting r?, for both the ODP Site 1084 real-world data and synthetic cases. The

opt
relative significance is much lower than for the simplified synthetic model ensemble (Fig. 4),
likely due to the variable sedimentation rate in the model. It should be noted that the goodness of
fit for the real-world data cases (Figs. 10m,n) is not directly comparable to the (synthetic) noise
ensemble, due to the difference in signal-to-noise ratio and the presence of the very high amplitude
reflections from diagenetically altered thin layers which are not included in the synthetic model

(Weigelt and Uenzelmann-Neben, 2007).

Figure 7: Two realisations of the ODP Site 1084 (Cape Basin) synthetic model with sedimentary
noise only (no orbital signal), and with an added orbital signal. (a) and (g) are the acoustic
impedance pseudo-logs and (b) and (h) their respective power spectra. (c) and (i) are the modelled
seismic reflection traces, and (d) and (j) their respective power spectra. (e) is the
eccentricity-tilt-precession (ETP) orbital signal (based on the astronomical solution from Laskar et
al., 2004) and (f) the power spectrum. (k) is the effective seismic wavelet at three different ages by

applying a forward- Q operator to simulate seismic absorption (Varela et al., 1993) to the injected

source wavelet and stretching to age domain, and (I) the corresponding power spectra. Shaded
zones represent the dominant eccentricity (e1=405 kyr, e2=125 kyr, e3=95 kyr), obliquity (01=56
kyr, 02=41 kyr) and precession (p1=24 kyr, p2=22 kyr, p3=19 kyr) cycles for the interval 4.6

Ma—present. Power spectra are computed using the multi-taper method.

Figure 8: Power spectra for two realisations of the ODP Site 1084 (Cape Basin) synthetic model
with sedimentary noise only (no orbital signal), and with an added orbital signal (corresponding to

Fig. 7). (a) and (b) are the acoustic impedance pseudo-log, the raw spectrum (dashed red) and the



whitened spectrum (solid red). (c) and (d) are the power spectra of the synthetic seismic traces, the
raw (dashed blue) and the whitened spectra (solid blue). The estimated spectral baselines are
plotted in solid black, and the parallel dashed black lines represent the corresponding confidence
intervals. (e) and (f) are the confidence adjusted plots, where the spectral baseline is at 0%. Shaded
zones represent the dominant eccentricity (e1=405 kyr, e2=125 kyr, e3=95 kyr), obliquity (01=56
kyr, 02=41 kyr) and precession (p1=24 kyr, p2=22 kyr, p3=19 kyr) cycles for the interval 4.6

Ma—present. Power spectra are computed using the multi-taper method.

Figure 9: ODP Site 1084 (Cape Basin) synthetic model false positive rates at each spectral
frequency, relative to the 90%, 95% and 99% confidence levels for (a) the borehole log and (b) the
seismic case. (c) and (d) are the distributions of the true positive rate for the dominant eccentricity
(e1=405 kyr, e2=125 kyr, e3=95 kyr), obliquity (01=56 kyr, 02=41 kyr) and precession (p1=24
kyr, p2=22 kyr, p3=19 kyr) periodicities. (e-l) Receiver operating characteristic curves for each
orbital term, showing the discriminatory power as the confidence level is varied (grey lines

indicate the 1:1 correspondence, i.e., equivalent to a coin flip).

Figure 10: Short-period eccentricity modulation analysis (TimeOpt) for both the borehole log and
whitened seismic data for the ODP Site 1084 real-world data (first and second columns; Fig. 5)
and one realisation of the synthetic model that includes an orbital signal (third and fourth columns;
Fig. 7). Note that the first 200 m have not been considered to avoid including data from the ODP
Site 1084 well casing. (a-d) Goodness-of-fit criteria for each candidate sedimentation rate. (e-h)
Data scaled and stretched to age domain with the best fitting sedimentation rates, with comparison

(above) between the envelope of the short-period eccentricity band and the reconstructed



eccentricity model. (i-I) Crossplot of the fit between the data amplitude envelope and the

reconstructed eccentricity model. (m-p) The optimal r’

o for this realisation compared to a

histogram of rozpt values for the ensemble of simplified synthetic models that do not include an

orbital signal. (g-t) Power spectra of the data in age domain with the dominant orbital periods
shaded, and the TimeOpt target eccentricities and short-period eccentricity band indicated. Shaded
zones represent the dominant eccentricity (e1=405 kyr, e2=125 kyr, e3=95 kyr) and obliquity

(01=56 kyr, 02=41 kyr) cycles for the interval 4.6 Ma—present.

5. Discussion

5.1. Preservation of orbital signals in acoustic impedance

Traditional cyclostratigraphic methods largely rely on directly sampled geochemical,
biostratigraphic and physical parameters, or calculated indices, magnetic susceptibility, and colour
reflectance. Not all the parameters commonly used to identify orbital cyclicity in sedimentary
sequences are, considered alone, paleoenvironmental proxies. Their relevance to
paleoenvironment and paleoclimate emerges from a combined, multi-proxy analysis (e.g., Berger,
2012; Hepp et al., 2006). For seismic reflection images to encode information on orbital forcing,
the signal of orbitally-forced climate variation first must be preserved in the acoustic impedance
(the product of the seismic velocity and density of the sediments).

Following an Earth Systems Filter model (e.g., Meyers, 2019), cyclical variations in the
Earth’s orbital parameters (eccentricity, obliquity and precession) induce variation in the average
insolation at a given latitude (the astronomical signal) which perturbs the climate system. Due to
internal feedback and noise in the climate system this climate signal is a noisy, filtered version of

the original orbital signal. These climate changes influence the sedimentary and depositional



systems and may thus be reflected in the stratigraphic record. This record is again noisy due to
incomplete preservation and exposure, and further disturbed by syn- and post-depositional noise
(e.g., bioturbation, deformation and diagenesis) (Hilgen et al., 2015). The stratigraphic record is
subject to compaction during burial, which alters the orbital signal both on a local scale (e.g.,
differential compaction between lithologies) and a global scale (i.e., older sediments are more
compacted with depth due to lithostatic loading). The systematic stratigraphic distortion with
depth caused by loading can be reversed assuming an accurate age model is available. Compaction
in general, however, will act to reduce porosity which will reduce the relative difference in
velocity and density between beds and thus reduce the magnitude of impedance contrasts. This
will reduce the amplitude of any preserved orbital signals above the noise floor. Finally, the
seismic reflection experiment that images the stratigraphic interval has its own inherent filtering
and distortion effects (Section 2.1). Any orbital signal that is preserved in the acoustic impedance
at the time of deposition will likely be strongly distorted and contaminated with large amounts of
noise by the time it is imaged by a geophysical reflection experiment.

The seismic velocity and bulk density of fully-saturated marine sediments are strongly
correlated with the sediment composition (lithology) and the porosity, which is in turn strongly
coupled to the sediment texture and grain size distribution (Castagna et al., 1985; Gardner et al.,
1974; Mavko et al., 2009). As such, plausible common mechanisms that might preserve climate
signals in the acoustic impedance could include the clay content, the degree of sorting, diagenesis,
sedimentation rate and post-deposition burial and differential compaction. Clay content may vary
strongly with paleo-sea level, which depends on climate through glacial-interglacial cycles. In
deep-water systems, the degree of sorting can be coupled to paleocurrent speed, which can be

coupled to climatic variations. Biogenic silica in sediment drifts on glacial margins represents a



proxy for sea ice extent and paleoproductivity (Hillenbrand and Fitterer, 2002). Before diagenesis,
the accumulation of biogenic silica in marine sedimentary sequences induces compaction
disequilibrium and petrophysical changes that meaningfully affect reflectivity (e.g., Volpi et al.,
2003). Sedimentation rate also has a strong impact on the degree of sorting and can induce
post-burial differential compaction and thus generate astronomically-forced density variation.
Fluctuations in terrigenous delivery to the continental rise has been associated with variation in
size of the ice sheets (Grutzner et al., 2003).

In sedimentary systems where the sorting is strongly modulated by bottom current speed,
e.g., contourites, a large proportion of the reflectivity (typically relatively high amplitude horizons
in seismic data) is also modulated by climate signals. Cyclic deposition related to variation in
bottom current velocity is suggested to be driven by orbital forcing (Stow et al., 1998) and has
been identified in the seismic reflection characteristics of both sparker and airgun multi-channel
seismic data (Stow et al., 2002). Seismic cyclicity in contourites is generally described as an
alternation of two reflection patterns: relatively transparent (attributed to homogeneous mud
deposited by slow currents), and relatively high amplitude (attributed to silt or sand deposited by
faster currents). This cyclicity is considered to represent repeated sequences of grain size variation
at various (orbital) scales. Many studies describe this contouritic seismic cyclicity (e.g., Llave et
al., 2001, 2020; Vandorpe et al., 2011; Liu et al., 2020), although most do not include a proper
spectral analysis, instead inferring the presence of an orbital control by counting the number of
visually distinct seismic units within a known time interval. A well-developed cyclostratigraphic
pattern has been identified in the Gulf of Cadiz contourite depositional system with spectral
analyses on normalized gamma ray logs time-series (Hernandez-Molina et al., 2016), showing

orbital cyclicity in the range of the Milankovi¢ temporal cycles (22 kyr, 23 kyr and 24.5 kyr



precession, 44 kyr and 55 kyr obliquity and 85 kyr, 96 kyr, and 105 kyr short-term eccentricity)
and periods of 406 kyr and 420 kyr correlated with long-term eccentricity cycles. In addition,
peaks around 2 Ma were tentatively correlated with the eccentricity term around 2.4 Ma (related to
Earth—Mars secular resonance), and those around 800 ka to a double mode (two times the period)
of the ~ 400 ka long-term eccentricity or to a possible non-linear combination of other periods.
Sedimentary cycles at around 800 and 400 ka are visually observed in the multi-channel seismic
data crossing IODP Expedition 339 sites (Hernandez-Molina et al., 2016).

Post-deposition mineral transformation may, however, affect the seismic velocity and bulk
density of sediments independently from changes in climate. Clay mineral transformation (illite to
smectite, e.g., Pytte and Reynolds, 1989), opal-A to -CT transformation (e.g., Volpi et al., 2003),
and mineral dehydration such as illite dehydration (Hall et al., 1986) and gypsum dehydration to
anhydrite (Jowett et al., 1993) induce meaningful bulk density changes and fluid release that
strongly affect acoustic impedance and reflectivity. Carbonate diagenesis can also induce
meaningful porosity changes (e.g., Moore, 1989). All the aforementioned post-depositional
transformations have the potential to induce additional noise in the climatically-modulated
acoustic impedance.

The potential of physical properties to preserve the signal of orbital cyclicities is already
widely recognized. Common parameters used to perform conventional cyclostratigraphic analysis
are bulk density (e.g., Zeeden et al., 2023; Tang et al., 2022), natural gamma-ray density (e.g.,
Huang and Hinnov, 2019; Sierro et al., 2000; Tang et al., 2022) and P-wave velocity (e.g., Sierro et
al., 2000). We suggest that, if sonic or density logs can preserve orbitally forced climate signals, it

is reasonable to expect that the same signals are expressed in the overall acoustic impedance.



5.2. Expression of acoustic impedance cyclicity in seismic reflection data

If cyclicity is preserved in the acoustic impedance, how and when can we image it in
seismic reflection data? Consider that the preservation of orbital cyclicity in sedimentary strata is
already an exceptional case, due to the filtering of the astronomical signal at all stages through the
climate and depositional system (Section 5.1). Seismic cyclostratigraphy adds a further “filter” in
the form of the geophysical constraints of the seismic reflection experiment (Section 2.1), plus any
maximum limit on the vertical resolution imposed by the recording sampling interval. As such,
should we consider that seismic cyclostratigraphy is likely to be widely applicable, in many
depositional settings and with many typical seismic acquisitions, or is it likely to require specific
geological conditions and specially designed geophysical experiments?

At a high level, the spatial frequency of the cyclicity needs to be within the bandwidth of
the seismic source, and the variation in reflectivity caused by the cyclic signal needs to be strong
enough to be reliably detectable above the noise floor of the seismic data (i.e., produce a distinct
spectral peak). Real-world seismic reflection data are, however, recorded in TWTT (i.e., not in
depth), and the frequency spectrum of both the signal and the noise is not flat and is non-stationary
(Section 2.2). This means that the signal-to-noise level, and thus the discriminatory power to
identify cyclicity, changes both with time and frequency. This motivates using a Monte Carlo
synthetic modelling approach (as in this study) to determine, at least to a first order, the variation in
statistical significance of seismic cyclostratigraphy for a given scenario and stratigraphic interval.

The period of the orbital cyclicity, T (in kyr), can be related to the seismic wavelength,
A (inm), and the sedimentation rate, & (incmka™), by T =1001/ ¢« . The seismic wavelength
is related to the seismic velocity, v (in ms ™), and the frequency, f (in Hz), by A=v/f,

meaning that T =100v/ («f). Assuming constant seismic velocity and constant sedimentation



rate within an interval, we can estimate the range of resolvable periodicities by using the minimum
and maximum frequencies present in the seismic bandwidth. The maximum resolvable cycle
length can be further constrained by supposing that we require, e.g., at least 10 full cycles
preserved within an interval to make a distinct spectral peak. Hiatuses or event beds will reduce the
amplitude of spectral peaks and contaminate the spectrum, reducing the statistical power (this also
applies to traditional cyclostratigraphy from directly sampled data). An example of this
phenomenon is the ODP Site 1084 (Cape Basin) borehole logging data, where diagenesis has
caused “spikes” in the sonic and density logs (Fig. 5). Conversely, thicker sequences preserve
more cycles, which will increase the statistical power of cyclostratigraphy. This implies that
high-resolution data from areas with high sedimentation rates are best suited to seismic
cyclostratigraphy since they image stratigraphic sequences that encompass many orbital cycles.

As an example, typical source frequencies for multi-channel seismic data are on the order

of 10-100 Hz. For a shallow marine interval with average velocity 1600 ms

and an average
sedimentation rate of 20 cm ka ™, this means that the maximum range of resolvable cyclicity is
from 80 to 800 kyr (i.e, 405 kyr, 125 kyr and 95 kyr eccentricity orbital cycles). If we assume that
a minimum of 10 complete cycles are required to resolve a distinct spectral peak, this implies an
interval of at least 1.01 s TWTT thickness (810 m or 4.05 Ma) is needed to image 405 kyr
eccentricity cycles. More sophisticated analysis for estimating, e.g., the significance level of
spectral peaks, would require a Monte Carlo ensemble analysis as performed in this study, which
can also properly account for variations in sedimentation rate, source spectrum and seismic
velocity.

Mitchell (2016) makes the case against seismic cyclostratigraphy for spectral analysis

performed on sub-bottom profiler data (Horn and Uenzelmann-Neben, 2016). Sub-bottom profiler



data operate at higher frequencies than the multi-channel airgun seismic data (e.g., Fig. 5), and
thus their spectra are much more strongly affected by the frequency-dependent attenuation
induced by absorption. The point made is that the attenuation accumulated within a study interval
is enough to distort the overall average spectrum over the interval so that identifying cycles would

be impossible. It is, however, possible to quantify attenuation, with the seismic quality factor Q,

using measurements from a vertical seismic profile (VSP) or by directly inverting surface seismic
data (e.g., Dasgupta and Clark, 1998). The spectral distortion generated by absorption can by

reversed during seismic processing by, for example, a Q compensation filter. Indeed, we could

also include an attenuation compensation step in the spectral whitening (Section 2.2). Whether or
not attenuation compensation is included, here we do model the effect of attenuation in the
visco-acoustic seismic modelling, which allows us to quantify the effect of attenuation on the

discriminatory power of seismic cyclostratigraphy hypothesis testing.

5.3. Limitations of statistical significance for cyclostratigraphy with seismic data

The spurious spectral peaks in Fig. 1d should be a warning that if we want to do seismic
cyclostratigraphy we do need to properly consider the statistical significance of peaks (and the
discriminatory power of the hypothesis testing method). Power spectra of seismic traces suffer
from spurious peaks as do those of borehole logs, but the non-flat frequency response of the
seismic wavelet means that spurious peaks may have relatively higher amplitude than in the power
spectra of borehole logs when they fall close to the dominant frequency of the seismic wavelet
(compare Figs. 1b and d). Hypothesis testing using confidence intervals to identify orbital forcing
from seismic data suffers from the same caveats as for classical cyclostratigraphy from direct

sampling methods (Smith, 2023; Vaughan et al., 2011; Weedon, 2022). Issues surrounding



multiple frequency testing, ““ p -hacking”, misuse of confidence intervals and subsequent effects

on the expected false positive rates all still apply. We do not address these here, as with this study

we primarily aim to compare the discriminatory power of borehole and seismic cyclostratigraphy.

5.4. Amplitude modulation and frequency bundling in seismic data

Eccentricity modulation and bundling analysis relies on the amplitude modulation of short
period cycles (typically the precession band) on longer period cycles (typically the eccentricity
band) and the predictable frequency ratio (bundling) between spectral peaks (Zeeden et al., 2015).
In this study we apply TimeOpt (Meyers, 2015) to tune both the borehole log and seismic data
using short-period eccentricity analysis, i.e., using the modulation of 125 kyr and 95 kyr cycles by
the 405 kyr long-period eccentricity cycle (Section 2.5).

TimeOpt analysis uses the envelope of the filtered carrier frequency to reconstruct the
modulator frequency. This will inevitably be more difficult for seismic data compared to directly
sampled data (e.g., a borehole log) due to the non-flat frequency response of seismic data. If the
modulator frequency falls outside the seismic bandwidth, then amplitude modulation will not be
imaged by the carrier band. TimeOpt, however, also simultaneously inverts for the best fit
according to the intensity of predicted target spectral peaks (“frequency bundling”, Meyers, 2015).
This provides a second measure, independent of the modulation analyis, to invert for the
sedimentation rate. Note that neither the amplitude modulation nor the bundling analysis require
that statistically significant spectral peaks are preserved, the significance of the TimeOpt result is
instead quantified by comparing the peak goodness of fit to the distribution of the peak goodness
of fit of an ensemble of “noise” models that do not contain an anstronomical signal. Here we

demonstrate this using the visco-acoustic seismic modelling to generate a comparable noise



ensemble (Figs. 49,h and 10m-p).

We recover a good estimation of the sedimentation rate directly from the seismic data for
the simplified synthetic (Section 3.3; Fig. 4), but more mixed results for the ODP Site 1084
real-world data and synthetic models (Section 4.5; Fig. 10). This is likely due to the variable
sedimentation rate at ODP Site 1084, and could also be due to extra noise (including multiples)
and the different sensitivity within the seismic bandwidth between the simplified synthetic model
and the ODP Site 1084 real data and model. Future studies should examine TimeOpt optimization
using variable sedimentation rate templates (Meyers, 2015, 2019) to seismic data. More synthetic
modelling and real-world data case studies are needed to establish if TimeOpt-style amplitude

modulation and/or frequency bundling approaches can be widely applied to the seismic case.

5.5. Potential applications of seismic cyclostratigraphy

One potential application of seismic cyclostratigraphy is to extrapolate laterally away from
boreholes where there is already an established cyclostratigraphic correlation with a
seismically-relevant borehole log. By assuming that orbital cyclicity seen in the seismic data at the
borehole location will also be seen in the same stratigraphic interval at a distance from the
borehole, we can invert for variation in the sedimentation rate by tuning the age model laterally. In
other words, if seismic stratigraphy is typically used to extrapolate chrono-stratigraphic horizons
away from the borehole, seismic cyclostratigraphy may allow the derivation and extrapolation of
variable-rate age models between important stratigraphic horizons. Similar extrapolation could
also be performed vertically, either beneath the maximum penetration depth of the borehole or
interpolating across intervals which suffered from poor core recovery or washing. This would

allow the extension of borehole-derived age models to undrilled or uncored depths.



Direct application to seismic data without an a priori calibration with borehole
cyclostratigraphy may also be possible, where the relevant orbital terms of interest fall within the
seismic bandwidth. For example, for attempting to drill expanded intervals for paleoclimate
research, being able to infer the likely number of preserved orbital cycles from the seismic before
drilling could be useful to predict, e.g., plausible sedimentation rates. In addition, positive
indication of seismic cyclicity implies that there should also be a cyclostratigraphy preserved in
the sediment physical properties and likely also in more traditional directly sampled parameters
such as geochemical and biostratigraphic proxies. For proposed drill sites where establishing an
orbitally-tuned stratigraphic age model is important, seismic cyclostratigraphy could be a useful
screening tool based on seismic site survey data.

Despite generally being lower resolution and more noisy (therefore having lower
discriminatory power to resolve cyclicity), seismic cyclostratigraphy may also present some
advantages over traditional, directly sampled cyclostratigraphy. Compared to drill core, there is no
core loss, decompaction, washing, drilling-related disturbance or splicing issues. Compared to
borehole logs, there are no problems with depth synchronisation or the borehole condition.
Seismic data represents a non-destructive, remote method to investigate cyclostratigraphy, and
something closer to an in situ view of the subsurface, presumably representing a more continuous
and less distorted paleoclimate record. Outcrop examples can suffer from limited exposure,
whereas seismic data generally have good lateral coverage and a depth penetration of several
kilometres below the seafloor, so there is potential to investigate longer intervals which may
reveal, for example, very long eccentricity modulation cycles (Hinnov, 2000). There is also the
possibility to stack seismic traces laterally to improve the signal-to-noise ratio beyond using a

single trace (such as in this study).



5.6. Wider potential for cyclostratigraphy with geophysical reflection data

In this study we investigate using marine multi-channel seismic reflection data to image
orbital cyclicity, and attempt to calibrate confidence levels using Monte Carlo ensemble
modelling. Similar principles could also be applied to other geophysical reflection techniques,
such as sub-bottom profilers. Horn and Uenzelmann-Neben (2016) identify orbital cyclicity
(obliquity and precession cycles) from sub-bottom profiler records offshore New Zealand.
Sub-bottom profilers differ from conventional multi-channel marine seismic reflection data in two
key ways: they typically record only a single channel of data, and they use a higher frequency band
than multi-channel seismics (typically 1-10 kHz, compared to 10-100 Hz). The single channel
means that the noise level is higher, as traces in the image are not stacked. The higher frequency
range means that there is strong frequency-dependent attenuation, which limits signal penetration
and presumably will reduce the amplitude of spectral peaks above the noise floor, particularly at
high frequencies (Mitchell, 2016). Sub-bottom profiler data could, however, offer several potential
advantages over multi-channel seismic data. As it can resolve much higher frequencies, on a scale
much closer to core-scale, perhaps we could resolve shorter periodicity orbital cyclicity, such as
18-25 kyr precession cycles. As the source is parametric and generated by an electrical transducer,
we often have a much better approximation of the frequency content of the source wavelet
compared to airgun sources. It should be noted that it is important to use the raw trace data (not the
envelope, as is commonly displayed and recorded) to be able to derive meaningful power spectra.

With any kind of geophysical reflection data, the resolvability of different orbital cycles
depends primarily on the temporal resolution (source bandwidth) and the depth of investigation, in

addition to secondary problems surrounding the non-stationary wavelet, internal multiples and



higher noise floor (Section 2.1). We suggest, therefore, to first perform a basic assessment using
the ‘rules-of-thumb’ outlined in Section 5.2, before performing a more thorough analysis of the

discriminatory power for example using Monte Carlo ensemble modelling, as shown in this study.

6. Conclusions

If orbital cyclicity is preserved in the acoustic impedance, and if after stretching from
TWTT to stratigraphic age domain the orbital periodicity in question falls within the bandwidth of
the seismic image, we may be able to image the cyclicity as distinct peaks in the power spectrum of
the seismic trace. The narrow-band nature of active source seismic data, plus the loss of
long-wavelength acoustic impedance information during reflection imaging, and extra noise
introduced by the seismic experiment means that an alternative spectral whitening procedure is
required. Resulting spectral peaks will be lower amplitude and the background noise floor will be
higher than for a comparable power spectral analysis based on a borehole log. In general, this
means that seismic cyclostratigraphy will have lower statistical power and a higher false detection
rate than a comparable borehole cyclostratigraphy (Figs. 3 and 9).

The sedimentary environment that is most promising for the detection of orbital cyclicity in
seismic reflection images is that of sediment drifts, that typically host a continuous, relatively
expanded sedimentary record in which climatically-modulated changes in physical properties
should be reflected in the acoustic impedance. The sediment accumulation rate in such
sedimentary sequences is typically not constant, but changes are gradual and can be accounted for
with a borehole-derived age model.

Our Monte Carlo ensemble modelling experiments indicate that, after spectral whitening,

seismic reflection traces can resolve orbital cyclicity as distinct peaks in the power spectrum under



realistic geological and geophysical conditions (Fig. 2). For some orbital periods, the
discriminatory power can be close to a comparable borehole cyclostratigrapy, however this is
strongly frequency-dependent within the seismic bandwidth, and the discriminatory power is
always lower than a comparable borehole spectral analysis (Fig. 3). The Monte Carlo ensemble
modelling based on the ODP Site 1084 (Cape Basin) scenario shows that for some orbital periods
(41 kyr), the statistical power might be similar to a comparable borehole cyclostratigraphy. In
general, however, we see a very high false positive rate for most orbital periods. Nevertheless, the
spectral peaks likely do represent cyclicity, as we have a correlated borehole in which there is
existing evidence of preservation of orbital forcing (Berger et al., 2002). The false positive rate is
so high, however, that orbital cyclicity cannot be inferred from the seismic data alone, without
other evidence of cyclicity.

In general, we can say that hypothesis testing for orbital cyclicity from seismic reflection
data is possible under some typical geological and geophysical conditions. Calibration of
confidence levels is tricky due to the strong frequency-dependence of the sensitivity and
specificity, we recommend that this kind of ensemble modelling is performed before attempting
seismic cyclostratigraphy, at least to understand whether it is feasible for a given scenario and for
the targetted orbital periodicities. Seismic cyclostratigraphy offers promising applications for
extrapolating away from boreholes with an already established cyclostratigraphic framework
(preserved in the acoustic impedance). Moreover, there is potential to investigate very long cycles
with this non-destructive method that uses data representative of in situ conditions, without core

loss, decompaction and disturbance issues associated with drilling and logging.
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Highlights

e Seismic data can resolve orbital cyclicity under typical geological conditions
e The statistical power is frequency-dependent within the seismic bandwidth
e Seismic data can extrapolate borehole cyclostratigraphy both laterally and vertically



